
The Effect of Intensive Margin Changes to Task Content on Employment 
Dynamics over the Business Cycle 

Matthew B. Ross* 
Ohio State University 

August 19th, 2017 
 

Keywords: Employment Polarization, Labor Dynamics, Occupations, Tasks, Technological Change
 
JEL: J23, J24, J31, J62, J63, J64, O31, O33 
 
Abstract: This paper examines changes in the transition rate from employment to non-

employment and across occupations in response to variation in task content within occupations, 

local labor market conditions, and their interaction. The existing literature has linked changes in 

the premium for abstract and routine tasks to new technologies that substitute for the latter and 

compliment the former, i.e. Skill-Biased Technical Change. Related empirical work has focused 

primarily on wage polarization and relied almost exclusively on repeated cross-sections of workers 

and single cross-sections of task content. Here, I construct a panel of occupational tasks from 

survey responses in archived releases of the O*NET and combine this data with the SIPP. I exploit 

within occupation variation in task content over time to examine outgoing employment transitions 

to non-employment and across occupations. Using a shift-share style instrument constructed from 

the nested structure of the occupational coding taxonomy, I find evidence that an increase in 

routine (abstract) task content within occupations relates to an increase (decrease) in the 

transition rate to non-employment and across occupations. Counter to the commonly held notion 

that compositional effects explain little of observed unemployment volatility, I find evidence that 

the effect of changes to task content varies strongly over the business cycle. 
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1. Introduction 

This analysis fills a significant gap in the existing literature on Skill Biased Technical Change (SBTC) 

by examining the relationship between employment dynamics and intensive margin changes to 

task content across the business cycle. Intensive margin changes to task content capture the effect 

that new technology has over time on the way that workers accomplish production within an 

occupation. Although discussed in the early literature (See Autor Levy Murnane 2003; Levy and 

Murnane 1996), the intensive margin effect of SBTC has been largely ignored by subsequent 

empirical contributions. The recent literature on SBTC has focused exclusively on the extensive 

margin effects of SBTC by describing the reallocation of workers across occupations and resulting 

wage dynamics. Those analyses have relied on exclusively on cross-sectional measures of 

occupational task content to explore resulting wage and employment polarization. In this paper, I 

focus on the relationship between employment dynamics and intensive margin changes to task 

content across the business cycle.  

In describing why SBTC has resulted in some occupations becoming more automated than 

others, David Autor (2014) outlines a compelling mechanism for observed changes in the labor 

market. In this paper, Autor refers to tasks that follow explicit rules as routine and suggests that 

they are more easily codified by technology. Codification of these tasks allows for them to be more 

easily substituted for capital in the production process. In contrast, tasks that are rich in tacit 

knowledge are characterized as non-routine (herein referred to as abstract). These tasks are less 

easily codified because they require frequent use of cognitive judgment or social interaction. Non-

routine tasks, unlike routine tasks, utilize capital as a complement in production. This nuanced 

view of technological change suggests that the primary driving force behind observed changes in 

the labor market is the falling price of computing power coupled with the increased capability of 

technology to replicate human tasks. More specifically, these factors have displaced workers in 

occupations with a high degree of content in routine tasks while simultaneously increasing the 

demand for workers engaged in non-routine tasks.  

Empirical evidence of this predicted pattern of displacement and wage polarization has 

been prominently documented in works by Katz and Murphy (1992); Autor, Katz, and Krueger 

(1998); Autor, Levy, and Murnane (2003); Autor, Katz, Kearney (2005); Acemoglu and Autor 
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(2011). However, this body of work has primarily examined the impact that technological change 

via the relationship between cross-sectional variation in occupation task content and wage 

polarization. Although holding the distribution of task content fixed in the short-run is reasonable, 

this assumption becomes increasingly tenuous over longer periods when occupations adopt to 

new production technologies and firms alter their capital investments. 

Firpo, Fortin, and Lemieux (2011), motivated by Acemoglu and Autor (2011), develop a 

cross-sectional Roy model that is used to examine the distribution of wages within occupations. 

The application of a Roy model accommodates the task-based framework and allows for the cross-

occupation transferability of skills described by Gathmann and Schönberg (2010). Autor and 

Handel (2013) apply a similar Roy model to a cross-sectional survey of self-reported task measures. 

The authors combine occupation-level task measures with self-reported task inputs and use the 

interaction to account for potential self-selection into occupations. Altonji, Kahn, and Speer (2014) 

use a similar framework to investigate the forces behind changes to the wage distribution across 

college graduates from different fields of study. Each of these analyses have document 

polarization in employment and wages across occupations (i.e. at the extensive margin) using the 

task-based approach.1 

Focusing on the extensive margin, Cortes et al. (2014; 2016) relies on cross-sectional 

measures of task content but traces out employment dynamics using panel data on workers. 

Cortes (2016) finds evidence that workers with high ability are more likely to switch into non-

routine occupations and that workers with low ability have a higher probability of switching to 

occupations dominated by tasks considered non-routine manual. In examining transition rates 

using extensive margin variation, Cortes et al. (2014) details empirical evidence that an increase 

in the transition rate from non-employment to employment coupled with a decrease in the 

transition from employment to non-employment has played a crucial role on the disappearance 

of routine occupations. 

Two notable exceptions to the use of cross-sectional data on occupation task content exist 

in the prior literature. These papers, Spitz-Oener (2006) and Gathmann and Schönberg (2010), use 

                                                      

1 Related work includes Blender (2007), Jensen and Kletzer (2010), Yamaguchi (2011), and Cortes et al. (2014; 2016). 
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German panel data that includes individually reported levels of task engagement within 

occupations. Although distinct in both purpose and scope from the focus of this paper, these 

analyses provide additional evidence in support of an empirical strategy relying on within 

occupation variation in task content. In particular, Spitz-Oener (2006) examines changes in 

reported task engagement both within and across occupations over a twenty-year period and 

relates these changes to new technology. The author finds evidence that the most significant 

changes in task content have occurred in occupations that have experienced a rapid adoption of 

computer technology since 1979. Using the same data, Gathmann and Schönberg (2010) explore 

the differences between task-specific (semi-portable) occupational skills and more general forms 

of human capital. The authors find evidence that individuals are more likely to transition to an 

occupation with similar task engagement and that patterns of wage growth persist across these 

transitions. 

I begin by constructing a panel of occupational task content from survey responses 

contained in archived releases of the Occupational Information Network (O*NET) database. I then 

attach the O*NET panel to the combined 2004 and 2008 Survey of Income Program Participation 

(SIPP) so that I can track workers labor market status over time. In the empirical analysis, I estimate 

the likelihood an incumbent worker transitions to non-employment and across occupations using 

variation in task content within occupations over time. The use of panel data also allows me to 

estimate models that include individual fixed-effects and thus control for time invariant 

unobserved individual heterogeneity. I make progress towards obtaining causal estimates by using 

two-stage least squares (2SLS) and constructing a shift-share style instrument using the nested 

structure of the Standard Occupation Classicization (SOC) taxonomy. In both OLS and 2SLS 

estimation, I find strong evidence that increases in routine (abstract) task content within 

occupations relate to large increases (decreases) in the transition rate to non-employment and 

across occupations. Allowing the relationship between task content and the transition rats to vary 

in response to labor market conditions, I find that evidence that this relationship grows during 

poor labor market conditions. This finding may indicate that previously unexplored dimensions of 

labor force composition, namely task content, may help reconcile the inability of labor search 
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models to replicate observed unemployment volatility over the business cycle (See Shimer 2005 

and Hall 2005). 

This paper is outlined as follows: The first section provides an introduction and overview 

of the relevant literature. The second section details an extension of the existing theory underlying 

the task-based approach and derives relevant implications for employment transitions. The third 

section provides descriptive statistics and explores the overall transition rates from the panel. The 

fourth section explores the implications outlined by the theoretical model first using Ordinary 

Least Squares (OSL) and makes progress towards obtaining casual estimates using 2SLS. The fourth 

section provides a detailed policy discussion relating the results from the empirical analysis to 

worker re-training and unemployment insurance programs. The fifth and final section concludes 

the analysis and identifies areas for future research.

2. Theory 

To frame the empirical analysis and derive important implications related to the effect of SBTC on 

employment dynamics, I extend the existing literature by detailing a task-based model of the labor 

market and focusing on changes to employment transitions. I begin by modeling the output of 

worker i in occupation j at time t using a Cobb-Douglas production function of the form 

 

𝑦𝑡,𝑗,𝑖 = 𝑔𝑡[𝑘𝑡+𝑟𝑖,𝑗,𝑖]
1−𝜌𝑗

𝑎𝑖,𝑗,𝑖
𝜌𝑗  (1) 

 

where [𝑘𝑡+𝑟𝑖,𝑗] is routine task input that can be produced by capital 𝑘𝑡 or labor 𝑟𝑖,𝑗 and  𝑎𝑖,𝑗 is 

abstract task input produced only by labor. The variable 𝑔𝑡 is economy-wide total factor 

productivity that evolves according to 𝑔𝑡+1 = [1 + 𝛾𝑔]𝑔𝑡 + 𝜖𝑡+1 where 𝛾𝑔 ∈ (0,1) is the long-run 

growth rate and 𝜖𝑡+1 captures exogenous i.i.d. shocks to productivity capturing changes in the 

business cycle. The marginal product of routine tasks is represented by 𝜆𝑡,𝑗,𝑟, the marginal product 

of abstract task is 𝜆𝑡,𝑗,𝑎, and the marginal revenue product is just the sum 𝑤𝑡,𝑗,𝑖 = 𝜆𝑡,𝑗,𝑎𝑎𝑡,𝑖 +

𝜆𝑡,𝑗,𝑟𝑟𝑡,𝑖. However, workers are paid a fixed wage contract equal to 𝑤𝑗,𝑖
∗   that is exogenously 
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determined in the initial period of employment in a given occupation. For simplicity, I abstract 

from a full discussion about how the worker’s wage contract is determined. 

In this economy, workers are endowed with skills measured in terms of task efficiency units 

for completing abstract and routine tasks 𝛷𝑖 = {𝜙𝑖,𝑎, 𝜙𝑖,𝑟} that are normalized to a unit of time 

and have a strictly positive continuous support. A worker spends  ℓ𝑡,𝑗,𝑖 units of time performing 

abstract tasks and (1 − ℓ𝑡,𝑗,𝑖) performing routine tasks. A worker’s total supply of abstract and 

routine tasks, is then simply 𝑎𝑡,𝑗,𝑖 = [ℓ𝑡,𝑖]
𝛿

ϕ𝑖,𝑎 and 𝑟𝑡,𝑗,𝑖 = [1 − ℓ𝑡,𝑖]
𝛿

ϕ𝑖,𝑟. The parameter 𝛿 ∈

(0,1) captures decreasing returns from full specialization. Thus, the optimal labor allocation 

ℓ𝑡,𝑗,𝑖
∗  for a worker in a given occupation is the value that maximizes wages and solves the following 

equality ℓ𝑡,𝑗,𝑖 [1 − ℓ𝑡,𝑗,𝑖]⁄ = [𝜆𝑡,𝑗,𝑎ϕ𝑖,𝑎 𝜆𝑡,𝑗,𝑟ϕ𝑖,𝑟⁄ ]
1−𝛿

 

The firm receives an imperfect signal of each worker’s productivity via the following signal 

𝑧𝑖 = [𝑤𝑡,𝑗,𝑖 − 𝑤𝑗,𝑖
∗ ] + 𝜂𝑖  where 𝜂𝑖  is idiosyncratic noise. However, the firm can perfectly observe 

mean productivity �̅�𝑡,𝑗 = ∑ 𝑤𝑡,𝑗,𝑖
𝑁
𝑖=1 /𝑁 in each occupation. Thus, the firm’s best guess of a given 

worker’s productivity is 

 

𝐸(𝑤𝑡,𝑗,𝑖|𝑧𝑡,𝑗,𝑖) = 𝑏[𝑧𝑡,𝑗,𝑖 − 𝑧�̅�,𝑗] + �̅�𝑡,𝑗 (2) 

 

where 𝑏 = 𝑣𝑎𝑟(𝑤𝑡,𝑗,𝑖 − 𝑤𝑗,𝑖
∗ ) [𝑣𝑎𝑟(𝑤𝑡,𝑗,𝑖 − 𝑤𝑗,𝑖

∗ ) + 𝑣𝑎𝑟(𝜂)]⁄  and both variances are known by 

the firm. Thus, firms combine two pieces of information and infers worker productivity which is a 

function of the aggregate skill endowment for each occupation. Each worker’s probability of 

keeping their job is a function of the firm’s expectation of productivity 𝑄𝑡,𝑗,𝑖 = 𝑞 (𝐸(𝑤𝑡,𝑗,𝑖|𝑧𝑡,𝑗,𝑖)) 

where 𝑞′ > 0, and 𝑞′′ < 0. 

 Each period, the worker selects an optimal labor allocation ℓ𝑡,𝑗,𝑖
∗   that maximizes the 

expected net benefit of their occupation  

 

Λ𝑡,𝑗,𝑖 = max 
𝑎𝑡,𝑖,𝑟𝑡,𝑖

 {𝑄𝑡,𝑗,𝑖𝑈(𝑤𝑗,𝑖
∗ ) − 𝐶(𝑎𝑡,𝑗,𝑖, 𝑟𝑡,𝑗,𝑖)} 

(3) 
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where 𝐶′ > 0, 𝐶′′ > 0, and a worker receive no utility if they are fired. Given that worker’s take 

their wage contract as fixed, the first order conditions are captured by 

 

𝑞𝑎
′ [𝑔𝑡𝜌𝑗 [

𝑎𝑡,𝑗,𝑖

𝑘𝑡+𝑟𝑡,𝑗,𝑖
]

𝜌𝑗−1

[𝜌𝑗 + [1 − 𝜌𝑗]
𝑟𝑡,𝑗,𝑖

𝑘𝑡+𝑟𝑡,𝑗,𝑖
] [𝑏 + [

1−𝑏

𝑁
]]]

𝑞𝑟
′ [[1 − 𝜌𝑗]𝑔𝑡 [

𝑎𝑡,𝑗,𝑖

𝑘𝑡+𝑟𝑡,𝑗,𝑖
]

𝜌𝑗

[1 + 𝜌𝑗 −
𝜌𝑗𝑟𝑡,𝑗,𝑖

𝑘𝑡+𝑟𝑡,𝑗,𝑖
] [𝑏 + [

1−𝑏

𝑁
]]]

=
𝐶𝑎

′

𝐶𝑟
′
 (4) 

 

Taking the production structure and optimal allocation of labor within each occupation as given, 

the worker selects an occupation each period that maximizes net benefit: 

 

Λ𝑡,𝑖 = max 
𝑗

 {Λ𝑡,1,𝑖, Λ𝑡,2,𝑖, … , Λ𝑡,𝐽,𝑖} (5) 

 

Thus, workers allocate across occupations each period by considering task premiums, skill 

endowments, cost, and the likelihood that they remain employed. Here, sorting occurs through 

comparative advantage as in Autor and Handel (2013). 

In this model, technological change occurs through an exogenous increase in the stock of 

capital which is biased towards routine tasks where 𝑘𝑡+1 = [1 + 𝛾𝑘]𝑘𝑡 and 𝛾𝑘 ∈ (0,1) is the long-

run growth rate of capital. To see how technological change affects transitions to non-

employment, examine the partial derivative  

 

𝜕[1 − 𝑄𝑡,𝑗,𝑖
∗ ]

𝜕𝑘𝑡
= −𝑞𝑘

′ [[1 − 𝜌𝑗]𝜌𝑗𝑔𝑡 [
𝑎𝑡,𝑗,𝑖

𝑘𝑡+𝑟𝑡,𝑗,𝑖
]

𝜌𝑗

[𝑎𝑡,𝑗,𝑖 − 𝑟𝑡,𝑗,𝑖] [𝑏 + [
1 − 𝑏

𝑁
]]] (6) 
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which is negative if 
𝑎𝑡,𝑗,𝑖

𝑟𝑡,𝑗,𝑖
> 1 but positive if 

𝑎𝑡,𝑗,𝑖

𝑟𝑡,𝑗,𝑖
< 1. Thus, changes in the transition rate to non-

employment are inversely related to increases in the share of abstract relative to routine tasks.3 

From (6), it is also easy to see that the transition rate to non-employment is negatively related to 

increases in economy-wide total factor productivity, i.e. business cycle conditions. Specifically, a 

change in the relative share of abstract relative to routine task content will correspond with larger 

changes in the transition rate to non-employment during periods of economic downturn.  

Although I do not formally derive implications related to occupational transitions, they will be 

related to changes in the relative task premium and economic conditions in the same manner as 

transitions to non-employment. This result comes from the fact that changes to expected wages 

correspond directly with changes to the transition rate to non-employment and that costs are 

fixed across occupations.4 

3. Data 

The data used in this analysis is a combined panel of individuals and occupational task content 

spanning the period beginning in 2004 and ending in 2013. The individual data comes from the 

combined 2004 and 2008 SIPP panels. The 2004 panel contains 12 waves of three months in length 

that stretch from October 2003 to December 2007 and the 2008 panel contains 16 waves that 

stretch from May 2008 to November 2013. The panel data on occupational task content was 

constructed exclusively from survey responses (i.e. the analyst-updated data was carefully 

excluded) contained in 14 archived O*NET databases released between April 2003 (O*NET 5) and 

July 2014 (O*NET 19). The panel of O*NET task content was linked to the SIPP based on the 

occupation code reported for an individual’s primary employment arraignment. The advantage of 

                                                      

3 Although my findings rely on the assumption that earnings do not vary within occupations over time, it is reasonable 

to assume that wages are downwardly rigid and that upward variation should, at least partially, translate into 

decreased mobility. 

4 This assumes that all workers will not change occupations in response to changes in technology due to search costs 

and heterogeneity in terms of wage contracts. I have also implicitly assumed that wage contracts are set exogenously 

based on an imperfect forecast of the future state of the labor market. 
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combining the SIPP with panel data on task content is that I can exploit intensive margin variation 

in task content observed within occupations over time. Further, I am able to control for 

unobserved differences in productivity by estimating models that include both occupation and 

individual fixed-effects. By construction, my data contains changes to task content over a very 

short time horizon which has the added benefit of implicitly holding institutional factors fixed.  

3.A Data Overview: Panel of Occupational Tasks 

The O*NET database was constructed as a replacement for the DOT. Unlike the analyst-updated 

DOT, the O*NET was created with the goal of populating the database with survey data collected 

solely from incumbent workers (NRC 2010). The completed database was released in June 2002 

(O*NET 4) with the initial measures having values that were assigned by job analysts who 

referenced DOT releases from the 1980s. Thus, the initial release of the O*NET database was 

composed of an entirely new rating system but populated using judgment-based methods based 

on outdated analyst data. 

Each year beginning in 2002, the initial analyst-updated data were replaced in specific 

occupations with newly collected survey data o from obtained by randomly sampling workers 

within those occupations. On average, 110 target occupations were revised in each of the 14 

subsequent releases (O*NET 5 to 19) using the newly collected incumbent survey data. For 

updated occupations, each of the data fields were replaced with the mean survey response from 

newly collected data. The determination to update an occupation was made by analysts based on 

consideration of a number of factors including relative employment size, labor demand, and 

perceived changes to the nature of work within the occupation.5  

The O*NET data is reported at a 7-digit SOC taxonomy but there are no other available 

data sources (including employment) that describe occupations at this level of granularity. Thus, I 

construct the panel by first combining incumbent-updated measures from the work context and 

                                                      

5 Put differently, analysis update occupations in O*NET by considering a number of important factors that include but 

are not limited to the occupation’s last update and a Department of Labor classification of  a “demand-phase” 

occupation as well as recent changes to the content of occupations (Tippins & Hilton 2010, p. 5).  
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activity sections of each O*NET release. I then aggregate the data to a 6-digt SOC taxonomy by 

simply taking the raw average of all nested 7-digit occupations. As of the O*NET 19 (the latest 

release used to construct the panel), there were 471 of the total 809 6-digit SOC occupations that 

have been updated at least twice using surveys data. Of the remaining 338 occupations, 264 have 

received only one survey update, 14 have received no updates, and 60 have been updated with 

non-survey data. For those occupations that received more than two survey updates, the value of 

each task measure was linearly trended between the earliest and latest revision and extrapolated 

to the bounds of the panel. For those occupations with only a single observation, the data value 

was carried through the panel as a constant. To account for potential mismeasurement related to 

occupations with only a single update as well as those that received no update with survey data, I 

aggregate the data from a 6-digit to a 5-digit SOC level using a rolling 5-year national employment 

weight constructed using the Occupational Employment Statistics. 6 Of the total 423 5-digit SOC 

occupations in the O*NET, I am left with 398 with data derived and extrapolated from incumbent 

surveys. 

In the resulting panel, changes to task content are driven solely by survey responses from 

workers within each requisite occupation. Changes to task content within occupations over time 

is the primary source of variation that I exploit in the empirical analysis. Although the O*NET has 

cautioned about using their data for such time series analyses, their main concern was related to 

comingling analyst and survey-updated data. As detailed above, I am able to overcome this 

challenge by constructing a panel solely from trended survey data and aggregating to a 5-digit SOC 

level using employment weights. Operating at the 5-digit SOC taxonomy also ensures a sufficiently 

large and robust occupational sample size in both the O*NET and SIPP. Figure A.1 of the Technical 

Appendix provides a histogram of the raw incumbent-updated sample sizes for all 5-digit SOC 

occupations in O*NET 19 as well as the occupational sample size in the SIPP. 

                                                      

6 The use of employment weights also addresses problems related to changes in the SOC taxonomy during the analysis 

period. Changes in the SOC taxonomy occur most frequently at the 6-digit level and, as a result, matching on higher-

level task measures provides an accurate imputation. As noted later, the empirical analysis is robust to estimation at 

a 2-digit and 3-digit SOC level. 
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Task measure k for 5-digit SOC occupation j in period t is constructed as a weighted sum of 

all nested 6-digit occupations 

 

𝑡𝑎𝑠𝑘𝑡,𝑗,𝑘 = ∑ 𝑒𝑗

𝑗′∈𝑗

[𝐿𝑉𝑡,𝑗,𝑘

1

3𝐼𝑀𝑡,𝑗,𝑘

2

3 + 𝐶𝑋𝑡,𝑗,𝑘] (7) 

 

where I utilize the level 𝐿𝑉𝑡,𝑗,𝑘 and importance 𝐼𝑀𝑡,𝑗,𝑘 scales if the measure is from the work 

activity category but only the context 𝐶𝑋𝑡,𝑗,𝑘 scale if the measure is from the context category. 

Following Blinder (2007) and Firpo et al. (2013), I assign a Cobb-Douglas weight of one third to 

level and two thirds to importance. As noted, each 6-digit task measure is weighted by the 

employment share 𝑒𝑗 of overall 5-digit employment.7 As noted, these values were then 

extrapolated across all months corresponding with the combined SIPP panel. 

Next, I construct indices for routine and abstract task content using the first component 

from a principal components analysis on the underlying task measures where the first loading 

factor is 

 

𝑤(1) =
arg 𝑚𝑎𝑥 
‖𝑤‖ = 1

  {∑ [𝑤 ∙ 𝑡𝑎𝑠𝑘𝑡,𝑗,𝑘]
2

𝑘 }. (8) 

 

The abstract and routine task indices are then simply the sum of scores for each underlying task 

measure where 

 

𝑟𝑡,𝑗 = ∑ 𝑤(1)𝑡𝑎𝑠𝑘𝑡,𝑗,𝑘

𝑘∈𝑟

 

(9) and 

𝑎𝑡,𝑗 = ∑ 𝑤(1)𝑡𝑎𝑠𝑘𝑡,𝑗,𝑘

𝑘∈𝑎

 

                                                      

7 Although task measures are constructed at a 5-digit level, all of the empirical analysis is robust to 5 or 2-digit SOC 

aggregation. 
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The task measures included in each of the indices follow Autor and Handel (2013) and are detailed 

below in Table 1. In relation to the theory, the distributions of the two task indices are assumed 

to be equivalent and suitable proxies for the true distribution of task content where  𝑎𝑡,𝑗~
∑ 𝑎𝑡,𝑖𝑖∈𝑗

𝑁𝑡,𝑗
 

and 𝑟𝑡,𝑗~
∑ 𝑟𝑡,𝑖𝑖∈𝑗

𝑁𝑡,𝑗
.  

 

[Insert Table 1] 

 

The advantage of using panel data on task content, as opposed to a single cross-section, is 

that the task indices vary both across occupations and within occupations over time. In examining 

the distribution across the panel (i.e. comparing the 5-digit distribution in 2004 with 2014), there 

is a pronounced rightward shift for both tasks that is statistically significant at the 98 percent level 

according to a Kolmogorov–Smirnov test. Asymptotic kernel density estimates of the 5-digit 

occupational distribution for the abstract and routine task index are contained in Figure A.2 of the 

Technical Appendix. Although there is only a slight shift in each overall task distribution, there is 

substantial variation in the panel. The across occupation distribution of change in the task indices 

from 2004 to 2013 is plotted below in Figure 1. The mean within occupation variation in routine 

task content was 0.06 but had a standard deviation of 1.41 while the mean for abstract task 

content was 0.30 with a standard deviation of 2.46. Note that the units of each index do not have 

any direct interpretation and have not been ranked into percentiles. 8 

 

[Insert Figure 1] 

 

The highest growth in routine task content from 2004 to 2013 was in Entertainment 

Attendants and Related Workers with an increase of 4.70 units or a change of 3.29 standard 

                                                      

8 The indices should be considered proxies of task content because the O*NET does not provide sufficient 

differentiation between importance of tasks and specific time allocations. Further, the data does not provide 

information that allows for scaling time usage across or within occupations. 
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deviations above the mean change over the period. Following this occupation was Computer 

Systems Analysts with an increase of 3.95 units (2.76 standard deviations above) and Physician 

Assistants with an increase of 3.30 units (2.30 standard deviations above). In contrast, the most 

significant decrease in routine task content was in Compliance Officers with a decline of 14.56 

units (10.39 standard deviations below) followed by Musicians, Singers, and Related Workers with 

a decline of 12.03 units (8.59 standard deviations below) and Geological and Petroleum 

Technicians with a decline of 11.34 units (8.10 standard deviations below). The largest increase in 

abstract task content occurred in Compliance Officers with growth of 31.14 units (12.52 standard 

deviations above) followed by Desktop Publishers with growth of 6.62 units (2.57 standard 

deviations above) and Dining Room and Cafeteria Attendants and Bartender Helpers with growth 

of 5.99 units (2.31 standard deviations above). The largest decrease in abstract task content was 

in Geological and Petroleum Technicians with a decline of 18.37 units (7.58 standard deviations 

below) followed by Musicians, Singers, and Related Workers with a decline of 10.49 units (4.38 

standard deviations below) and Marine Engineers and Naval Architects with a decline of 6.50 units 

(2.76 standard deviations below). 

3.B Data Overview: Panel of Individual Workers 

The 2004 and 2008 SIPP panels were combined to create an unbalanced panel of approximately 

1.8 million observations. The SIPP is a household-based survey designed as a continuous 

representative series of national panels where the same individuals are interviewed over a multi-

year period lasting approximately four years. The SIPP is the only available individual panel that 

contains the necessary components to conduct an occupational analysis of prime-age workers. 

The SIPP has more detailed occupational codes, frequent interviews, and a larger sample than 

other comparable data sources.9  

                                                      

9 Compared to the Current Population Survey, its main advantage is the longitudinal nature that allows individuals and 

their job changes to be observed over time. Relative to the Panel Study of Income Dynamics, it provides a larger 

sample size, more frequent interviews and more detailed occupational codes. Although the level of detail of 

occupation codes is similar to that reported in the National Longitudinal Survey of Youth, the SIPP has much more 

frequent interviews and a larger sample with a more representative range of working age adults. In addition, the 2004 
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Descriptive statistics from the combined SIPP panels are presented in Table 2 where the 

sample has been restricted to individuals of prime working age (25 to 55 years), who were not in 

the military, and who had an occupation recorded in their primary employment arraignment. Since 

the empirical analysis focuses on outgoing employment transitions, the sample is restricted to 

months where individuals were employed and thus had an occupation. To be consistent across 

estimates with varying controls, I further restrict the estimation sample to those individuals who 

responded to all demographic, education, and experience related questions in the survey. In total, 

the estimation consisted of 63,767 individuals who were observed an average of 28.47 months, 

totaling 1.815,493 observations. On average, individuals reported working for 1.74 different 

employers and in 1.51 different occupations. Education attainment in the panel was slightly lower 

than in the U.S. overall but generally consistent with the fact that the SIPP over samples low 

income workers. As will be important when interpreting the magnitude of the coefficient 

estimates later, the outgoing transition rates are presented in the bottommost panel. In particular, 

the overall transition rate from employment to non-employment was 0.68 percent in any given 

period while likelihood of transitioning to another occupation was 1.99 percent and another firm 

(but not occupation) was 0.23 percent. 

 

 [Insert Table 2] 

 

Employment information is reported in the SIPP under four distinct classifications: primary 

employment, secondary employment, primary self-employment, and secondary self-employment. 

Only the information recorded under an individual’s primary employment arrangement is used in 

this analysis. Primary employment wages averaged 19.62 dollars per hour having been earned by 

workers who were on average 40.97 years of age with employer tenure of about 7 years and 

occupational tenure of about 11.5 years. Although I have previously noted that the SIPP does over 

                                                      

and 2008 SIPP panels were better aligned with the timing of the O*NET releases than National Longitudinal Survey of 

Youth. 
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sample low skill workers, this is not a primary concern as the sample is still reasonably well 

balanced across occupations as well as educational and demographic groups. 

4. Empirical Analysis 

This section details the results of an empirical analysis examining outgoing transitions to non-

employment and across occupations as well as related fluctuations in transition rates across the 

business cycle. Specifically, I investigate whether (1) an increase in an occupation’s share of 

abstract relative to routine tasks over time is inversely related to the transition rate to non-

employment and across occupations and (2) the relationship between task content and the 

transition rate will grow in magnitude during periods of economic distress. In the first subsection 

(4.A), I estimate a linear probability model of non-employment and occupational change using 

within occupation variation in task content over time. In the second subsection (4.B), I build a shift-

share style instrument from the nested structure of the SOC taxonomy and use this instrument to 

estimate a two-stage least squares model. Although all of the estimates rely on a linear probability 

model where standard errors are cluster on individuals, the results are qualitatively similar to 

those obtained using a probit and robust to clustering on occupations.10 My findings provide 

strong evidence that as an occupation becomes more routine (abstract) over time, the probability 

an individual transitions to non-employment or across occupations increases (decreases). Further, 

I find that a decline in local labor market conditions is associated with an increase in the magnitude 

of the effect of intensive margin changes to task content on outgoing transition rates. 

4.A Empirical Analysis: OLS Estimates of Outgoing Transition Rates 

I begin by exploring changes in transition rates in response to variation in task content within 

occupations over time by estimating a model where 

 

                                                      

10 Appendix Tables A.1 through A.4 contain estimates with a three variable task content model while Tables A.6 

through A.9 are estimated using the upper and lower bound of a 95 percent confidence interval on the point estimates 

from the O*NET survey data. 
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𝑢𝑡,𝑗,𝑖 = 𝛾𝑡 + 𝛿𝑗 + 𝜆𝑟𝑟𝑡,𝑗 + 𝜆𝑎𝑎𝑡,𝑗 + 𝛽𝑔𝑡,𝑖 + 𝜇𝑡,𝑗,𝑖 (9) 

 

The dependent variable 𝑢𝑡,𝑗,𝑖  is a binary indicator that an individual transitions to non-employment 

or across occupations in period t+1 given they are employed in occupation j at time t. The variable 

𝑔𝑡,𝑖 represents the local area unemployment rate, attached based on an individual’s state of 

residence. The coefficients 𝜆𝑟 and 𝜆𝑎 are estimated using variation in routine 𝑟𝑡,𝑗 and abstract 𝑎𝑡,𝑗 

task content within occupations over time and capture the effect of a change in task content on 

the outgoing transition rate. The variable 𝛾𝑡 is a series of monthly dummies and 𝛿𝑗 is an occupation 

fixed-effects. Additional specifications include demographic and human capital controls as well as 

individual fixed-effects. I also include an interaction term between task content and local labor 

market conditions to test whether the relationship between task content and outgoing 

employment transitions changes across the business cycle. 

Table 3 reports coefficient estimates of the outgoing transition rate from employment to 

non-employment in responses to changes in task content, local labor market conditions, and their 

interaction. Across the specifications without an interaction between task content and local area 

unemployment, a one standard increase in routine task content (1.55 units) corresponds with an 

increase in the transition from employment to non-employment of between 0.08 to 0.09 

percentage points. In contrast, a one standard deviation increase in abstract task content (1.96 

units) corresponds with a decrease of between 0.08 to 0.15 percentage points. Turning to the 

specifications with an interaction between task content and unemployment, I find that a one 

standard deviation increase in routine task content increases the transition rate by 0.06 to 0.10 

percentage points when unemployment is at the mean national level for the period (6.87 

percent).11  In contrast, an increase in abstract task content decreases the transition rate by 

between 0.08 to 0.15 percentage points. When unemployment rises by one standard deviation 

(8.79 percent), the same increase in routine task content an increase of between 0.12 to 0.13 

percentage points while an increase in abstract task content yields a decrease of between 0.07 to 

                                                      

11 Note that local area unemployment is based on the economic conditions in the individual’s state of residence and 

that I use the national mean here for descriptive purposes. 
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0.14 percentage points. In general, these results align with the idea that increases in the share of 

abstract relative to routine task content leads to decreases the transition to non-employment and 

that this relationship grows larger in magnitude during economic downturns. Appendix Table A.1 

contains corresponding estimates that includes a third task variable for non-routine manual 

content and Appendix Table A.2 contains estimates using the upper and lower bound of a 95 

percent confidence interval on the point estimates from the O*NET survey data. 

 

[Insert Table 3] 

 

Figure 2 graphically presents the predicted transition rate to non-employment from the 

last specification in Table 3 which includes an interaction between task content and local labor 

market conditions as well as individual fixed-effects. Although local labor market conditions 

correspond with the unemployment rate in each individual’s state of residence, here I use the 

national unemployment rate for illustrative purposes. As seen in the top panel, increases in routine 

task content correspond with substantially large increases in the transition rate to non-

employment which grows during periods of high unemployment. In contrast, declines in routine 

task content lead to a much smaller increases in the transition rate that are less responsive to 

fluctuations in business cycle conditions. The second panel shows that large increases in abstract 

content correspond with a decrease in the probability of transitioning to non-employment and 

that this relationship also responds to business cycle fluctuations. On the other hand, decreases 

in abstract task content are positively related to the transition rate but less susceptible to changes 

in labor market conditions. 

 

[Insert Figure 2] 

 

Table 4 reports coefficient estimates of the transition rate to a different occupation in 

responses to changes in task content, local labor market conditions, and their interaction. In the 

specifications without an interaction between task content and local area unemployment, a one 

standard increase in routine task content corresponds with a 0.13 to 0.37 percentage point 
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increase in the likelihood of changing occupations. In contrast, a one standard deviation increase 

in abstract task content corresponds with a 0.09 to 0.25 percentage point decrease in the 

transition rate. When unemployment is at the mean national level for the period, I find that the 

an increase of one standard deviation increase in routine task content and local area 

unemployment increases the transition rate by 0.10 to 0.38 percentage points. In the same 

employment conditions, an increase in abstract task content decreases the transition rate by 0.09 

to 0.27 percentage points. As unemployment rises by one standard deviation, the same increase 

in routine task content yields a 0.13 to 0.46 percentage point in the transition rate while an 

increase in abstract task content decreases the transition rate by 0.08 to 0.22 percentage points. 

As with the transitions to non-employment, these results align with the idea that an increases in 

the share of abstract relative to routine task content leads to lower occupational transitions and 

that the relationship grows larger in magnitude during economic downturns. Appendix Table A.3 

contains corresponding estimates that includes a third task variable for non-routine manual 

content and Appendix Table A.4 contains estimates using the upper and lower bound of a 95 

percent confidence interval on the point estimates from the O*NET survey data 

 

[Insert Table 4] 

 

Figure 3 graphically presents the predicted occupational transition rate for last 

specification of Tables 4 which includes an interaction between task content and unemployment 

as well as individual fixed-effects. As before, I use the national unemployment rate in the 

interaction term here for illustrative purposes. As seen in the top panel, large increases and 

decreases in routine task content correspond with positive and negative changes in the 

occupational transition rate respectively. In addition, larger positive and negative changes to task 

content are more responsive to changes in local labor market conditions. In contrast, the second 

panel illustrates that increases and decreases in abstract task content have an inverse relationship 

with the occupational transition rate. In response to an increase in unemployment, the 

relationship contracts inwardly toward zero.  
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[Insert Figure 3] 

 

4.B Empirical Analysis: 2SLS Estimates of Outgoing Transition Rates 

In this section, I use 2SLS to make progress towards obtaining causal estimates of the effect of an 

increase in routine and abstract task content on the outgoing transition rate to non-employment 

and across occupations. I begin my constructing a shift-share style instrument for task content 

using the nested structure of the SOC taxonomy. Next, I test whether changes in the instruments 

within occupations over time are related to the composition of workers within those occupations 

and find evidence suggesting that they are plausibly exogenous. I then present the first stage of 

the 2SLS instruments  where they are jointly significant and take the expected sign. Lastly, I re-

estimate (9) and instrument for task content as well as the interaction term with local area 

unemployment. As detailed below, I find that the effect of changes to task content on transition 

rates to be larger relative to the OLS estimates and that it is more responsive to changes in local 

area employment conditions. 

I construct the instruments by first multiplying the underlying task measures at the 5-digit 

SOC level relative to 2-digit level in 2004 by the natural log of the 2-digit measure in time t where  

 

𝑡𝑎𝑠�̂�𝑡,𝑗,𝑘 = [
𝑡𝑎𝑠𝑘2004,𝑗(5),𝑘

𝑡𝑎𝑠𝑘2004,𝑗(2),𝑘
] ∙ 𝑙𝑛(𝑡𝑎𝑠𝑘𝑡,𝑗(2),𝑘). (10) 

 

As before, the instrument is constructed using the sum of scores for the first component in a 

principal component analysis such that 

 

�̂�𝑡,𝑗 = ∑ 𝑤(1)𝑡𝑎𝑠�̂�𝑡,𝑗,𝑘

𝑘∈𝑟

 

(11) and 

�̂�𝑡,𝑗 = ∑ 𝑤(1)𝑡𝑎𝑠�̂�𝑡,𝑗,𝑘

𝑘∈𝑎
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Table 5 reports the results of a falsification test where various demographic and human capital 

controls are regressed on task content in a model with occupation and time fixed-effects. As seen 

below, the instruments are all statistically insignificant with the expectation of the regression of 

experience on abstract task content. The results of the falsification test provide evidence that the 

instruments are plausibly exogenous and reasonably satisfy the exclusion restriction. Table A.5 of 

the Technical Appendix reports the results from a falsification tests of the raw task indices where 

I find evidence that they are more likely to be endogenous than the instruments as they are 

statistically significant across a number of different demographic and human capital dimensions. 

 

[Insert Table 5] 

 

 Table 6 reports the first stage regression of each task index as well as the interaction of 

unemployment and task content on the respective instruments. Note that for the interaction of 

unemployment and task content, I instrument with the shift-share measure interacted with 

unemployment. As reported below, the instruments are jointly significant and consistent in sign 

with expectations of the coefficient estimates. The coefficient estimate on the instrument for 

routine task content are consistently close to 0.80 and 0.90 for abstract task content. Although 

close to one, these coefficient estimates coupled with the falsification suggest that enough of the 

endogenous variation in the raw indices is captured in the error term of the first stage.  

 

[Insert Table 6] 

 

Table 7 reports 2SLS estimates of the outgoing transition rate from employment to non-

employment in responses to changes in task content, local labor market conditions, and their 

interaction. Across the specifications without an interaction between task content and local area 

unemployment, a one standard increase in routine task content (1.55 units) corresponds with a 

0.11 to 0.12 percentage point increase in the transition to non-employment. In contrast, a one 

standard deviation increase in abstract task content (1.96 units) corresponds with a 0.09 to 0.18 

percentage point decrease in the transition to non-employment. When unemployment is at the 
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mean national level over the period (6.87 percent), I find that the interaction between a one 

standard deviation increase in routine task content increases the transition rate by 0.02 to 0.11 

percentage points while an increase in abstract task content decreases the transition rate by 0.10 

to 0.18 percentage points.12 When unemployment rises by one standard deviation (8.79 percent), 

the same increase in routine task content corresponds with an increase of between 0.09 to 0.15 

percentage points while an increase in abstract task content yields a decrease of 0.08 to 0.16 

percentage points. In general, these results are slightly larger in magnitude than those obtained 

from OLS but again correspond with the predictions from the model in Section 2. As before, 

Appendix Table A.6 contains corresponding estimates that includes a third task variable for non-

routine manual content and Appendix Table A.7 contains estimates using the upper and lower 

bound of a 95 percent confidence interval on the point estimates from the O*NET survey data. 

 

[Insert Table 7] 

 

Figure 4 graphically presents the predicted transition rate to non-employment for the last 

specification in Table 7 which includes an interaction between task content and unemployment as 

well as individual fixed-effects. As before local labor market conditions correspond with the 

unemployment rate in each individual’s state of residence but I use the national unemployment 

rate for illustrative purposes. As seen in the top panel, large increases in routine task content 

correspond with large increases in the transition rate to non-employment. As before, a decline in 

routine task content leads to a much smaller change in the transition rate that is less responsive 

to fluctuations in the business cycle. As seen in the second panel, large increases in abstract task 

content correspond with large pro-cyclical declines in the transition rate to non-employment. 

Although decreases in abstract task content lead to increases in the transition rate that are larger 

in magnitude, their relationship with the business cycle is negligible. Relative to the OLS estimates, 

the relationship between task content and local economic conditions is slightly more pronounced. 

                                                      

12 Note again that local area unemployment is based on the economic conditions in the individual’s state of residence 

and that I use the national mean here for descriptive purposes. 
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[Insert Figure 4] 

 

Table 8 reports coefficient estimates of the response to outgoing occupational transitions 

to changes in task content, local labor market conditions, and their interaction. In the 

specifications without an interaction between task content and local area unemployment, a one 

standard increase in routine task content corresponds with a 0.24 to 0.53 percentage point 

increase in the likelihood of changing occupations. A one standard deviation increase in abstract 

task content corresponds with a 0.19 to 0.50 percentage point decrease in the occupational 

transition rate. When unemployment is at the mean national level for the period, I find that a one 

standard deviation increase in routine task content corresponds with an increase in the transition 

rate of 0.23 to 0.53 percentage points. In contrast, the same increase in abstract task content 

decreases the transition rate by 0.19 to 0.51 percentage points. When unemployment rises by one 

standard deviation, the same increase in routine task content leads to an increase of 0.26 to 0.59 

percentage points while an increase in abstract task content yields a decrease of 0.17 to 0.47 

percentage points. As before, Appendix Table A.8 contains corresponding estimates that includes 

a third task variable for non-routine manual content and Appendix Table A.9 contains estimates 

using the upper and lower bound of a 95 percent confidence interval on the point estimates from 

the O*NET survey data. 

 

[Insert Table 8] 

 

Figure 5 graphically presents the predicted occupational transition rate for the last 

specification in Tables 8 that includes an interaction between task content and unemployment as 

well as individual fixed-effects. Again, I use the national unemployment rate in the interaction term 

here for illustrative purposes. As seen in the top panel, large increases and decreases in routine 

task content correspond with positive and negative changes in the occupational transition rate 

respectively. Larger changes to task content are more responsive to changes in local labor market 

conditions as compared to the mean change in task content which is relatively invariant to such 
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changes. In contrast, the second panel illustrates that an increase or decrease in abstract task 

content has an inverse relationship with the occupational transition rate that contracts inwardly 

during periods of higher unemployment. As before, these estimates are larger in magnitude and 

more responsive to changes in economic conditions than those obtained using OLS. 

 

[Insert Figure 5] 

5. Policy Discussion 

In the empirical analysis, I explored a new dimension of the SBTC hypothesis by examining 

fluctuations in employment transitions in response to intensive margin changes to task content. 

As predicted by the model in Section 2, I found evidence that an increase in routine task content 

corresponded with an increase in the transition to non-employment and across occupations. 

Similarly, I found that an increase in abstract task content lead to a decrease in the likelihood an 

individual transitioned to non-employment and across occupations. Also predicted by the model 

was the fact that the effect of a change in task content grew in magnitude during periods of poor 

local labor market conditions. The coefficient estimates reported in Section 4 are substantial in 

magnitude and represent a significant contributor to changes in employment dynamics.  

Abstracting from heterogeneity across local labor market conditions, I found in the 2SLS 

analysis that a one standard increase in routine task content (1.55 units) corresponds with a 0.11 

to 0.12 percentage point increase in the transition to non-employment and a 0.24 to 0.53 

percentage point increase in the likelihood of changing occupations. These changes are substantial 

as they represent 16.18 to 17.65 percent of the overall transition rate to non-employment (0.68 

percent) and 12.06 to 26.63 percent of the rate across occupations (1.99 percent). Similarly, I 

found that a one standard deviation increase in abstract task content (1.96 units) corresponds 

with a 0.09 to 0.18 percentage point decrease in the transition to non-employment and a 0.19 to 

0.51 percentage point decrease in the likelihood of changing occupations. Relative to the overall 

transition rates, these changes are also substantial as they represent 13.24 to 26.47 percent of 

the overall transition rate to non-employment (0.68 percent) and 9.55 to 25.63 percent of the rate 

across occupations (1.99 percent). Thus, this analysis indicates that changes to task content has a 
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large impact on employment dynamics and thus implicitly effects the composition of unemployed 

workers. 

When local area labor market conditions decline, I found strong evidence that the 

relationship between task content and outgoing transition rates grows larger in magnitude. When 

unemployment was one standard deviation above the national mean for the period (8.79), the 

same one standard deviation increase in routine task content created an increase in the likelihood 

of transitioning to non-employment of 0.09 to 0.15 percentage points and an increase in the 

transition rate across occupations of 0.26 to 0.59 percentage points. In terms of magnitude, these 

changes represent 13.24 to 22.06 percent of the overall transition rate to non-employment and 

13.07 to 29.65 percent of the rate across occupations. Under the same labor market conditions, a 

one standard deviation increase in abstract content lead to a decrease of 0.08 to 0.16 percentage 

points in the transition to non-employment and a decrease of 0.17 to 0.47 percentage points in 

the likelihood of changing occupations. Relative to the overall transition rates in the panel, these 

changes represent 11.76 to 23.53 percent of the overall transition rate to non-employment and 

8.54 to 23.62 percent of the rate across occupations. 

 In addition to new evidence related to the impact of intensive margin changes to task 

content on employment transitions, I interpret the relationship with local employment conditions 

as particularly important. Specifically, much of the existing literature on labor search is unable to 

replicate volatility in unemployment and labor market conditions. Thus, changes to task content 

may represent an important contributor to variation in the transition to this labor market state. 

Specifically, it seems plausible that firms might be more likely to adopt new technologies during 

periods of high employment and thus have the observed impact on the these transition rates. The 

implication here might be that, during recessions, the composition of unemployed workers may 

vary across a previously unobserved dimension, namely task content. This finding is particularly 

relevant to scholarly work in this area as well as considering how to manage social programs aimed 

at the retraining of workers during economic downturn. 
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6. Conclusion 

In this study, I began by constructing a new panel of occupational task content from 

incumbent updated survey data contained in archived releases of the O*NET. Attaching these data 

to panel data on individual workers from the combined 2004 and 2008 SIPP, I am able to ask how 

employment transitions respond to intensive margin changes to routine and abstract task content. 

Further, I find evidence that these patterns grown larger in magnitude during periods of high 

unemployment. As discussed in the preceding section, I interpret these findings of evidence 

suggesting that firms may be more likely to invest in technology biased towards routine tasks 

during periods of economic distress. By exploiting the nature of the SIPP panel, I am able to control 

for unobservables and self-selection by including occupation and individual fixed-effects in my 

estimates. Further, I make progress towards causality using 2SLS and a shift-share style instrument 

for task content constructed using the nested structure of the occupational taxonomy. 

Throughout the empirical analysis, I find strong evidence in support of the SBTC hypothesis 

and suggesting that small intensive margin changes to task content have a large effect on 

transition rates to non-employment and across occupations. During periods of poor local labor 

market conditions, I find that the effect of a change in task content grows larger in magnitude. 

These findings represent an important contribution exploring employment dynamics related to 

SBTC and intensive margin changes to task content. Further, the relationship between these 

findings and the volatility of unemployment in labor search models represents an important area 

of future research. From a policy perspective, these findings indicate that social programs might 

aptly consider the task content of occupations, in terms of level and growth, when undertaking 

labor market retraining during recessions. 
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Tables and Figures 

Table 1: Composition of the Abstract and Routine Task Indices  

Task Index Variable Code Task Measure Model Scale 

A
b

st
ra

ct
 

4.A.2.a.4 Analyzing Data or Information Activities LV/IM 

4.A.2.b.2 Thinking Creatively Activities LV/IM 

4.A.4.a.1 Interpreting the Meaning of Information for Others Activities LV/IM 

4.A.4.a.4 Establishing and Maintaining Interpersonal Relationships Activities LV/IM 

4.A.4.b.4 Guiding, Directing, and Motivating Subordinates Activities LV/IM 

4.A.4.b.5 Coaching and Developing Others Activities LV/IM 

R
o

u
ti

n
e

 

4.C.3.b.4 Importance of Being Exact or Accurate Context CX 

4.C.3.b.7 Importance of Repeating Same Tasks Context CX 

4.C.3.b.8 Structured versus Unstructured Work (Reverse) Context CX 

4.A.3.a.3 Controlling Machines and Processes Activities LV/IM 

4.C.2.d.1.i Spend Time Making Repetitive Motions Context CX 

4.C.3.d.3 Pace Determined by Speed of Equipment Context CX 
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Table 2: Descriptive Statistics from the Analytical Sample 

Sa
m

p
le

 S
iz

e
 Total Observations Total Individuals P2004 Observations P2004 Individuals P2008 Observations P2008 Individuals 

1,815,493 63,767 804,388 32,972 1,011,105 30,795 

Avg. No. Response Avg. No. Jobs Avg. No. SOC6 

28.47073 1.742861 1.510358 

Ea
rn

in
gs

 

an
d

 

H
o

u
rs

 Monthly Wage Hourly Wage Hours (Months) 

$3415.51 $19.09 174.14 

($3238.57) ($21.64) (75.41) 

W
o

rk
 

Ex
p

er
ie

n
ce

 

Age (Years) Job Tenure (Months) Occ. Tenure (Months) 

40.97 83.89 138.04 

(8.67) (40.98) (105.37) 

Ed
u

ca
ti

o
n

al
 

A
tt

ai
n

m
en

t 

Less than High School 9.43 

High School 40.89 

Associate's 21.15 

Bachelor's 18.93 

Master's or More 9.59 

D
em

o
gr

ap
h

ic
 

C
h

ar
ac

te
ri

st
ic

s White Black Asian Other Hispanic White Non-Hispanic 

79.25% 12.63% 4.24% 3.88% 12.40% 67.78% 

Female Married Children 

50.98% 60.26% 1.13 

Tr
an

si
ti

o
n

s 

R
at

es
 Employment-to-Non-Employment Changed Occ. (SOC 6) Employer-to-Employer (Same Occ.) 

0.68% 1.99% 0.23% 

 



30 
 

Figure 1: Kernel Density Estimates of Percentile Change in Abstract and Routine Task Index, 2004-13 

 
Note: The density estimates are estimated using the change in task content across 423 5-digit SOC occupations from 2004 to 2013 with an Epanechnikov kernel 
and optimal bandwidth selection. 
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Table 3: Regression of Transition to Non-Employment on Variation in Task Content 

Dependent: Transition to 
Non-Employment 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00054** -0.00003 0.00060** 0.00010 0.00029 -0.00134** 

(0.00025) (0.00031) (0.00025) (0.00031) (0.00047) (0.00056) 

Abstract 
-0.00043*** -0.00058*** -0.00040*** -0.00051*** -0.00076*** -0.00111*** 

(0.00012) (0.00016) (0.00012) (0.00016) (0.00021) (0.00030) 

Unemployment 
0.00024*** 0.00026*** 0.00027*** 0.00029*** 0.00029** 0.00036*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00013) 

Routine x Unemployment 
 0.00009***  0.00008***  0.00025*** 

 (0.00003)  (0.00003)  (0.00005) 

Abstract x Unemployment 
 0.00003  0.00002  0.00006* 

  (0.00002)   (0.00002)   (0.00003) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 58 58 51 51 5 5 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations and qualitatively similar to those obtained using probit and estimation using variation in 3-digit or 2-digit task content. 
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Figure 2: Predicted Transition to Non-Employment by Occupation Variation in Task Content 

 

 
Note: Dashed lines and the leftmost axis represent predicted transition rates to non-employment from Table 4 for occupations based on the magnitude of the 
change from 2004 to 2014 and the national unemployment rate. The solid line and the rightmost axis represent the national unemployment rate. 
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Table 4: Regression of Occupation Transition on Variation in Task Content 

Dependent: Occupation 
Transition 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00069 0.00005 0.00082* 0.00029 0.00238*** 0.00083 

(0.00043) (0.00053) (0.00043) (0.00053) (0.00082) (0.00098) 

Abstract 
-0.00050** -0.00084*** -0.00046** -0.00075*** -0.00128*** -0.00218*** 

(0.00020) (0.00027) (0.00020) (0.00027) (0.00037) (0.00052) 

Non-Employment 
0.00001 0.00003 -0.00002 0.00000 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00023) 

Routine x Non-Employment 
 0.00009**  0.00007*  0.00024*** 

 (0.00004)  (0.00004)  (0.00008) 

Abstract x Non-Employment 
 0.00006*  0.00005  0.00015** 

  (0.00003)   (0.00003)   (0.00006) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 283 278 238 234 15 15 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

 Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations and qualitatively similar to those obtained using probit and estimation using variation in 3-digit or 2-digit task content. 
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Figure 3: Predicted Occupation Transition by Occupation Variation in Task Content 

 

 
Note: Dashed lines and the leftmost axis represent predicted transition rates to non-employment from Table 4 for occupations based on the magnitude of the 
change from 2004 to 2014 and the national unemployment rate. The solid line and the rightmost axis represent the national unemployment rate. 
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Table 5: Falsification Tests of Instruments for Task Variables 
D

em
o

gr
ap

h
ic

s 

Indicator: Married Female Hispanic 
Race 

Black Asian Other 

Omitted: Single Male Non-Hispanic White 

Routine 
-0.00537 0.01657 0.01355 -0.00085 -0.00737 -0.00310 

(0.01264) (0.01009) (0.01087) (0.01145) (0.00670) (0.00469) 

Abstract 
-0.02000 0.01399 0.00081 -0.01104 -0.00192 -0.00340 

(0.01360) (0.01384) (0.00971) (0.01003) (0.00585) (0.00566) 

Occupation FE X X X X X X 

Time FE X X X X X X 

F-Statistic 13 3 8 5 6 3 

Observations 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 

H
u

m
an

 C
ap

it
al

 

Indicator: 
Education 

Age Experience High School Associate's Bachelor's Master's or more 

Omitted: Less than High School 

Routine 
0.01159 0.00374 0.01312 0.01549 0.19008 0.12623 

(0.01556) (0.00699) (0.00995) (0.01192) (0.28189) (2.89135) 

Abstract 
0.01449 0.00078 0.01288 -0.00514 0.28262 6.58438** 

(0.02053) (0.00709) (0.00859) (0.01357) (0.29721) (3.14174) 

Occupation FE X X X X X X 

Time FE X X X X X X 

F-Statistic 7 6 3 4 154 142 

Observations 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Each cell 
represents a separate regression. 
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Table 6: First Stage Estimates of Two-Stage Least Squares Regression 

Specification and 
Endogenous Variable: 

(1) (2) (3) (4) (5) (6) 

Routine Routine 
Routine x 
Unemp. 

Routine Routine 
Routine x 
Unemp. 

Routine Routine 
Routine x 
Unemp. 

Routine Instrument 
0.712*** 0.712*** -0.398*** 0.712*** 0.712*** -0.399*** 0.713*** 0.715*** -0.519*** 

(0.001) (0.001) (0.009) (0.001) (0.001) (0.009) (0.001) (0.001) (0.007) 

Abstract Instrument 
0.073*** 0.065*** 0.115*** 0.073*** 0.065*** 0.115*** 0.065*** 0.063*** 0.057*** 

(0.000) (0.000) (0.005) (0.000) (0.000) (0.005) (0.000) (0.001) (0.005) 

Unemployment 
0.000 0.000 -0.057*** 0.000 0.000 -0.058*** 0.001*** 0.001*** -0.060*** 

(0.000) (0.000) (0.001) (0.000) (0.000) (0.001) (0.000) (0.000) (0.002) 

Routine x Unemployment 
Instrument 

 0.000*** 0.803***  0.000*** 0.803***  0.000*** 0.793*** 
 (0.000) (0.001)  (0.000) (0.001)  (0.000) (0.001) 

Abstract x Unemployment 
Instrument 

 0.002*** 0.055***  0.002*** 0.055***  0.000*** 0.054*** 
 (0.000) (0.001)  (0.000) (0.001)  (0.000) (0.001) 

AP F- Stat. on Instruments 410,000 340,000 1,000,000 410,000 340,000 1,000,000 1,200,000 890,000 1,700,000 

Specification and 
Endogenous Variable: 

(1) (2) (3) (4) (5) (6) 

Abstract Abstract 
Abstract x 
Unemp. 

Abstract Abstract 
Abstract x 
Unemp. 

Abstract Abstract 
Abstract x 
Unemp. 

Routine Instrument 
0.343*** 0.341*** 2.293*** 0.343*** 0.341*** 2.292*** 0.305*** 0.324*** 2.668*** 

(0.001) (0.002) (0.012) (0.001) (0.002) (0.012) (0.001) (0.002) (0.014) 

Abstract Instrument 
0.899*** 0.897*** -0.495*** 0.899*** 0.897*** -0.494*** 0.885*** 0.894*** -0.321*** 

(0.001) (0.001) (0.009) (0.001) (0.001) (0.009) (0.001) (0.001) (0.009) 

Unemployment 
0.000 0.000 0.017*** 0.000 0.000 0.019*** 0.000 0.000 0.046*** 

(0.000) (0.000) (0.002) (0.000) (0.000) (0.002) (0.000) (0.000) (0.003) 

Routine x Unemployment 
Instrument 

 0.000*** -0.110***  0.000*** -0.110***  -0.003*** -0.109*** 
 (0.000) (0.001)  (0.000) (0.001)  (0.000) (0.001) 

Abstract x Unemployment 
Instrument 

 0.000*** 0.958***  0.000*** 0.958***  -0.001*** 0.950*** 
 (0.000) (0.001)  (0.000) (0.001)  (0.000) (0.001) 

AP F- Stat. on Instruments 510,000 510,000 680,000 510,000 510,000 680,000 950,000 610,000 960,000 

Kleibergen-Paap LM-Stat. 210,000 200,000 200,000 200,000 630,000 630,000 

Cragg-Donald Wald F-Stat. 570,000 270,000 270,000 270,000 490,000 250,000 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. 
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Table 7: Two-Stage Least Squares Regression of Transition to Non-Employment on Variation in Task Content 

Dependent: Transition to 
Non-Employment 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00080** -0.00026 0.00074** -0.00030 0.00002 -0.00147* 

(0.00037) (0.00045) (0.00037) (0.00045) (0.00073) (0.00084) 

Abstract 
-0.00059*** -0.00097*** -0.00048** -0.00084*** -0.00091*** -0.00131*** 

(0.00020) (0.00023) (0.00020) (0.00023) (0.00035) (0.00044) 

Unemployment 
0.00024*** 0.00028*** 0.00027*** 0.00030*** 0.00029** 0.00035*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00014) 

Routine x Unemployment 
 0.00014***  0.00014***  0.00023*** 

 (0.00003)  (0.00003)  (0.00006) 

Abstract x Unemployment 
 0.00007***  0.00006**  0.00007 

  (0.00002)   (0.00002)   (0.00004) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 58 58 51 51 5 5 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

 Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations and qualitatively similar to those obtained using probit and estimation using variation in 3-digit or 2-digit task content. 
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Figure 4: Predicted Transition to Non-Employment by Occupation Variation in Task Content from Two-Stage Least Squares Regression 

 

 
Note: Dashed lines and the leftmost axis represent predicted transition rates to non-employment from Table 4 for occupations based on the magnitude of the 
change from 2004 to 2014 and the national unemployment rate. The solid line and the rightmost axis represent the national unemployment rate. 
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Table 8: Two-Stage Least Squares Regression of Occupation Transition on Variation in Task Content 

Dependent: Occupation 
Transition 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00155** 0.00072 0.00152** 0.00077 0.00340*** 0.00195 

(0.00064) (0.00077) (0.00064) (0.00077) (0.00127) (0.00146) 

Abstract 
-0.00110*** -0.00146*** -0.00095*** -0.00128*** -0.00253*** -0.00335*** 

(0.00033) (0.00039) (0.00033) (0.00039) (0.00061) (0.00076) 

Unemployment 
0.00001 0.00003 -0.00002 0.00001 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00024) 

Routine x Unemployment 
 0.00011*  0.00010*  0.00021** 

 (0.00006)  (0.00006)  (0.00011) 

Abstract x Unemployment 
 0.00007  0.00006  0.00014* 

  (0.00004)   (0.00004)   (0.00008) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 283 278 238 234 15 15 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

 Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations and qualitatively similar to those obtained using probit and estimation using variation in 3-digit or 2-digit task content. 
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Figure 5: Predicted Occupation Transition by Occupation Variation in Task Content from Two-Stage Least Squares Regression 

 

 
Note: Dashed lines and the leftmost axis represent predicted transition rates to non-employment from Table 4 for occupations based on the magnitude of the 
change from 2004 to 2014 and the national unemployment rate. The solid line and the rightmost axis represent the national unemployment rate. 
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Technical Appendix 

Figure A.1: Kernel Density Estimates of Abstract Task Index, 2004-13 

 
Note: Density estimates are estimated using the change in task content across 423 occupations at the 5-digit SOC level from 2004 to 2013 with an Epanechnikov 
kernel and optimal bandwidth selection. 
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Figure A.2: Histogram of Average Occupational Sample Size in the O*NET and SIPP Panel 
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Table A.1: Regression of Transition to Non-Employment on Variation in Three Variable Task Content 

Dependent: Transition to 
Non-Employment 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00052** 0.00029 0.00057** 0.00047 0.00023 -0.00137** 

(0.00025) (0.00035) (0.00025) (0.00035) (0.00047) (0.00062) 

Abstract 
-0.00048*** -0.00065*** -0.00045*** -0.00059*** -0.00089*** -0.00122*** 

(0.00013) (0.00016) (0.00013) (0.00016) (0.00023) (0.00031) 

Non-Routine Man. 
0.00029 -0.00015 0.00032 -0.00017 0.00078 0.00074 

(0.00029) (0.00034) (0.00029) (0.00034) (0.00054) (0.00064) 

Unemployment 
0.00024*** 0.00026*** 0.00027*** 0.00029*** 0.00029** 0.00036*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00013) 

Routine x Unemployment 
 0.00004  0.00002  0.00025*** 

 (0.00004)  (0.00004)  (0.00006) 

Abstract x Unemployment 
 0.00003  0.00002  0.00006* 

  (0.00002)  (0.00002)  (0.00003) 

Non-Routine Manual x 
Unemployment 

 0.00006**  0.00007**  0.00000 

  (0.00003)   (0.00003)   (0.00005) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 58 57 51 50 5 5 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.2: Regression of Transition to Non-Employment on Upper and Lower Bounds of Task Measures 

Dependent: Transition to Non-
Employment 

(1) (2) (3) (4) (5) (6) 

Upper Bound O*NET 95% Confidence Interval 

Routine 
0.00054** -0.00003 0.00060** 0.00010 0.00029 -0.00134** 

(0.00025) (0.00031) (0.00025) (0.00031) (0.00047) (0.00056) 

Abstract 
-0.00043*** -0.00058*** -0.00040*** -0.00051*** -0.00076*** -0.00111*** 

(0.00012) (0.00016) (0.00012) (0.00016) (0.00021) (0.00030) 

Unemployment 
0.00024*** 0.00026*** 0.00027*** 0.00029*** 0.00029** 0.00036*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00013) 

Routine x Unemployment 
 0.00009***  0.00008***  0.00025*** 

 (0.00003)  (0.00003)  (0.00005) 

Abstract x Unemployment 
 0.00003  0.00002  0.00006* 

  (0.00002)   (0.00002)   (0.00003) 

F- Statistic 58 58 51 51 5 5 

Lower Bound O*NET 95% Confidence Interval 

Routine 
0.00054** -0.00003 0.00060** 0.00010 0.00029 -0.00134** 

(0.00025) (0.00031) (0.00025) (0.00031) (0.00047) (0.00056) 

Abstract 
-0.00043*** -0.00058*** -0.00040*** -0.00051*** -0.00076*** -0.00111*** 

(0.00012) (0.00016) (0.00012) (0.00016) (0.00021) (0.00030) 

Unemployment 
0.00024*** 0.00026*** 0.00027*** 0.00029*** 0.00029** 0.00036*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00013) 

Routine x Unemployment 
 0.00009***  0.00008***  0.00025*** 

 (0.00003)  (0.00003)  (0.00005) 

Abstract x Unemployment 
 0.00003  0.00002  0.00006* 

  (0.00002)   (0.00002)   (0.00003) 

F- Statistic 58 58 51 51 5 5 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.3: Regression of Occupation Transition on Variation in Three Variable Task Content 

Dependent: Occupation 
Transition 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00073* 0.00038 0.00086** 0.00072 0.00253*** 0.00083 

(0.00044) (0.00060) (0.00044) (0.00060) (0.00082) (0.00108) 

Abstract 
-0.00043* -0.00078*** -0.00039* -0.00070** -0.00091** -0.00181*** 

(0.00022) (0.00028) (0.00022) (0.00028) (0.00040) (0.00054) 

Non-Routine Man. 
-0.00047 -0.00085 -0.00045 -0.00093 -0.00234** -0.00219** 

(0.00051) (0.00059) (0.00051) (0.00059) (0.00095) (0.00111) 

Unemployment 
0.00001 0.00003 -0.00002 0.00000 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00023) 

Routine x Unemployment 
 0.00005  0.00002  0.00026** 

 (0.00006)  (0.00006)  (0.00011) 

Abstract x Unemployment 
 0.00006*  0.00005  0.00015** 

  (0.00003)  (0.00003)  (0.00006) 

Non-Routine Manual x 
Unemployment 

 0.00005  0.00007  -0.00003 

  (0.00005)   (0.00005)   (0.00009) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 280 273 236 231 15 15 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.4: Regression of Occupation Transition on Upper and Lower Bounds of Task Measures 

Dependent: Occupation Transition (1) (2) (3) (4) (5) (6) 

Upper Bound O*NET 95% Confidence Interval 

Routine 
0.00069 0.00005 0.00082* 0.00029 0.00238*** 0.00083 

(0.00043) (0.00053) (0.00043) (0.00053) (0.00082) (0.00098) 

Abstract 
-0.00050** -0.00084*** -0.00046** -0.00075*** -0.00128*** -0.00218*** 

(0.00020) (0.00027) (0.00020) (0.00027) (0.00037) (0.00052) 

Unemployment 
0.00001 0.00003 -0.00002 0.00000 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00023) 

Routine x Unemployment 
 0.00009**  0.00007*  0.00024*** 

 (0.00004)  (0.00004)  (0.00008) 

Abstract x Unemployment 
 0.00006*  0.00005  0.00015** 

  (0.00003)   (0.00003)   (0.00006) 

F- Statistic 283 278 238 234 15 15 

Lower Bound O*NET 95% Confidence Interval 

Routine 
0.00069 0.00005 0.00082* 0.00029 0.00238*** 0.00083 

(0.00043) (0.00053) (0.00043) (0.00053) (0.00082) (0.00098) 

Abstract 
-0.00050** -0.00084*** -0.00046** -0.00075*** -0.00128*** -0.00218*** 

(0.00020) (0.00027) (0.00020) (0.00027) (0.00037) (0.00052) 

Unemployment 
0.00001 0.00003 -0.00002 0.00000 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00023) 

Routine x Unemployment 
 0.00009**  0.00007*  0.00024*** 

 (0.00004)  (0.00004)  (0.00008) 

Abstract x Unemployment 
 0.00006*  0.00005  0.00015** 

  (0.00003)   (0.00003)   (0.00006) 

F- Statistic 283 278 238 234 15 15 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.5: Falsification Tests of Task Variables 
D

em
o

gr
ap

h
ic

s 

Indicator: Married Female Hispanic 
Race 

Black Asian Other 

Omitted: Single Male Non-Hispanic White 

Routine 
-0.00791* 0.00525 0.00511 -0.00230 -0.00268 -0.00152 

(0.00435) (0.00359) (0.00325) (0.00315) (0.00223) (0.00156) 

Abstract 
0.00333 0.00642 -0.00076 -0.00182 0.00294 -0.00113 

(0.00774) (0.00528) (0.00395) (0.00412) (0.00233) (0.00287) 

Occupation X X X X X X 

Time X X X X X X 

F-Statistic 13 3 9 6 6 3 

Observations 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 

H
u

m
an

 C
ap

it
al

 

Indicator: 
Education 

Age Experience High School Associate's Bachelor's Master's 

Omitted: Less than High School 

Routine 
-0.00058 0.00295 0.00251 0.00197 0.05565 -0.17625 

(0.00461) (0.00229) (0.00309) (0.00354) (0.09258) (0.93128) 

Abstract 
-0.00756 -0.00007 0.01173*** -0.00428 0.07135 2.64165** 

(0.00886) (0.00332) (0.00420) (0.00435) (0.12274) (1.33421) 

Occupation X X X X X X 

Time X X X X X X 

F-Statistic 7 6 3 4 157 140 

Observations 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 1,951,721 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. 
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Table A.6: Two-Stage Least Squares Regression of Transition to Non-Employment on Variation in Three Variable Task Content 

Dependent: Transition to 
Non-Employment 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00078** -0.00078 0.00073* -0.00070 -0.00011 -0.00281*** 

(0.00038) (0.00053) (0.00037) (0.00053) (0.00074) (0.00098) 

Abstract 
-0.00067*** -0.00103*** -0.00052** -0.00087*** -0.00171*** -0.00218*** 

(0.00022) (0.00025) (0.00022) (0.00025) (0.00042) (0.00049) 

Non-Routine Man. 
0.00027 0.00059 0.00016 0.00039 0.00283*** 0.00391*** 

(0.00043) (0.00049) (0.00043) (0.00049) (0.00090) (0.00103) 

Unemployment 
0.00024*** 0.00028*** 0.00027*** 0.00031*** 0.00029** 0.00035*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00014) 

Routine x Unemployment 
 0.00022***  0.00020***  0.00041*** 

 (0.00005)  (0.00005)  (0.00010) 

Abstract x Unemployment 
 0.00007***  0.00007***  0.00008* 

  (0.00002)  (0.00002)  (0.00004) 

Non-Routine Manual. x 
Unemployment 

 -0.00007*  -0.00005  -0.00017** 

  (0.00004)   (0.00004)   (0.00007) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 58 56 51 50 5 5 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.7: Two-Stage Least Squares Regression of Transition to Non-Employment on Upper and Lower Bounds of Task Measures 

Dependent: Transition to Non-
Employment 

(1) (2) (3) (4) (5) (6) 

Upper Bound O*NET 95% Confidence Interval 

Routine 
0.00080** -0.00026 0.00074** -0.00030 0.00002 -0.00147* 

(0.00037) (0.00045) (0.00037) (0.00045) (0.00073) (0.00084) 

Abstract 
-0.00059*** -0.00097*** -0.00048** -0.00084*** -0.00091*** -0.00131*** 

(0.00020) (0.00023) (0.00020) (0.00023) (0.00035) (0.00044) 

Unemployment 
0.00024*** 0.00028*** 0.00027*** 0.00030*** 0.00029** 0.00035*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00014) 

Routine x Unemployment 
 0.00014***  0.00014***  0.00023*** 

 (0.00003)  (0.00003)  (0.00006) 

Abstract x Unemployment 
 0.00007***  0.00006**  0.00007 

  (0.00002)   (0.00002)   (0.00004) 

F- Statistic 58 58 51 51 5 5 

Lower Bound O*NET 95% Confidence Interval 

Routine 
0.00054** -0.00003 0.00060** 0.00010 0.00029 -0.00134** 

(0.00025) (0.00031) (0.00025) (0.00031) (0.00047) (0.00056) 

Abstract 
-0.00043*** -0.00058*** -0.00040*** -0.00051*** -0.00076*** -0.00111*** 

(0.00012) (0.00016) (0.00012) (0.00016) (0.00021) (0.00030) 

Unemployment 
0.00024*** 0.00026*** 0.00027*** 0.00029*** 0.00029** 0.00036*** 

(0.00005) (0.00005) (0.00005) (0.00005) (0.00013) (0.00013) 

Routine x Unemployment 
 0.00009***  0.00008***  0.00025*** 

 (0.00003)  (0.00003)  (0.00005) 

Abstract x Unemployment 
 0.00003  0.00002  0.00006* 

  (0.00002)   (0.00002)   (0.00003) 

F- Statistic 58 58 51 51 5 5 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.8: Two-Stage Least Squares Regression of Occupation Transition on Variation in Three Variable Task Content 

Dependent: Occupation 
Transition 

(1) (2) (3) (4) (5) (6) 

Routine 
0.00155** 0.00067 0.00153** 0.00092 0.00344*** 0.00205 

(0.00065) (0.00091) (0.00065) (0.00091) (0.00128) (0.00170) 

Abstract 
-0.00107*** -0.00141*** -0.00089** -0.00118*** -0.00233*** -0.00312*** 

(0.00039) (0.00044) (0.00039) (0.00044) (0.00073) (0.00086) 

Non-Routine Man. 
-0.00010 -0.00015 -0.00024 -0.00043 -0.00072 -0.00086 

(0.00080) (0.00090) (0.00080) (0.00090) (0.00157) (0.00179) 

Unemployment 
0.00001 0.00003 -0.00002 0.00001 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00024) 

Routine x Unemployment 
 0.00012  0.00008  0.00020 

 (0.00009)  (0.00009)  (0.00017) 

Abstract x Unemployment 
 0.00007  0.00006  0.00014* 

  (0.00004)  (0.00004)  (0.00008) 

Non-Routine Man. x 
Unemployment 

 -0.00001  0.00002  0.00001 

  (0.00006)   (0.00006)   (0.00013) 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

F- Statistic 280 273 236 231 15 15 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 
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Table A.9: Two-Stage Least Squares Regression of Occupation Transition on Upper and Lower Bounds of Task Measures 

Dependent: Occupation Transition (1) (2) (3) (4) (5) (6) 

Upper Bound O*NET 95% Confidence Interval 

Routine 
0.00155** 0.00072 0.00152** 0.00077 0.00340*** 0.00195 

(0.00064) (0.00077) (0.00064) (0.00077) (0.00127) (0.00146) 

Abstract 
-0.00110*** -0.00146*** -0.00095*** -0.00128*** -0.00253*** -0.00335*** 

(0.00033) (0.00039) (0.00033) (0.00039) (0.00061) (0.00076) 

Unemployment 
0.00001 0.00003 -0.00002 0.00001 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00024) 

Routine x Unemployment 
 0.00011*  0.00010*  0.00021** 

 (0.00006)  (0.00006)  (0.00011) 

Abstract x Unemployment 
 0.00007  0.00006  0.00014* 

  (0.00004)   (0.00004)   (0.00008) 

F- Statistic 283 278 238 234 15 15 

Lower Bound O*NET 95% Confidence Interval 

Routine 
0.00155** 0.00072 0.00152** 0.00077 0.00340*** 0.00195 

(0.00064) (0.00077) (0.00064) (0.00077) (0.00127) (0.00146) 

Abstract 
-0.00110*** -0.00146*** -0.00095*** -0.00128*** -0.00253*** -0.00335*** 

(0.00033) (0.00039) (0.00033) (0.00039) (0.00061) (0.00076) 

Unemployment 
0.00001 0.00003 -0.00002 0.00001 -0.00019 -0.00014 

(0.00008) (0.00008) (0.00008) (0.00008) (0.00023) (0.00024) 

Routine x Unemployment 
 0.00011*  0.00010*  0.00021** 

 (0.00006)  (0.00006)  (0.00011) 

Abstract x Unemployment 
 0.00007  0.00006  0.00014* 

  (0.00004)   (0.00004)   (0.00008) 

F- Statistic 283 278 238 234 15 15 

C
o

n
tr

o
ls

 Individual     X X 

Dem. and Human Cap.   X X   

Occupation X X X X X X 

Time X X X X X X 

Observations 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 1,815,493 

Note: The coefficients are presented above robust standard error where significance is represented by * if p ≤ .1, ** if p ≤ .05, and *** if p ≤ .01. Results are 
robust to clustering on occupations. 


