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1. Introduction

Recessions unfold within and across calendar years, but the U.S. Bureau of Economic

Analysis Industry-Level Production Account (ILPA) currently provides annual labor input

measures. Annual observations therefore average peaks, troughs, and early recoveries into

a single value. This timing problem is especially important for short, concentrated shocks.

The Great Recession (GFC in figure labels) contracted over six quarters spanning nearly

three calendar years, whereas the COVID-19 contraction was concentrated in two quarters

within 2020.

This paper extends the annual ILPA labor input framework to quarterly frequency while

preserving its detailed worker-type-by-industry structure. We refer to the resulting quar-

terly quality-adjusted labor input series as ”QALI.” While ILPA refers to the broader

industry-level production account framework in which labor input can be combined with

quarterly capital and intermediate inputs, this paper focuses on the measurement of labor

input itself and on how raw hours and labor composition move over the business cycle.

The paper makes three main contributions. First, we develop an integrated Kalman-

Denton-IPF estimation pipeline, combining state-space smoothing, Denton-Cholette bench-

marking, and multiway iterative proportional fitting (IPF), for constructing quarterly labor

input from noisy Current Population Survey (CPS) microdata. Rather than directly es-

timating 12,000 detailed worker-type-by-industry cells, our sequential method smooths

and benchmarks lower-dimensional marginal vectors before distributing those targets back

to the detailed cells. Second, we demonstrate that the direction of the quarterly-annual

measurement gap depends on the shape of the within-year path. Because the COVID-19

contraction and early recovery occurred within a single calendar year, the quarterly peak-

to-trough measures of both the raw-hours drawdown and the labor composition spike

are substantially larger than their annual counterparts. In contrast, annual data closely

track the slow, multi-year progression of the Great Recession. Third, we characterize

labor composition over the business cycle. We find that COVID-19’s composition shocks

were large, highly concentrated, and broadly transitory. The Great Recession’s shifts, by

contrast, were broader and persistent.

The measurement problem arises from the granularity required by the annual ILPA frame-
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work. Labor input is constructed for 192 structural worker types defined by education,

age, sex, and class of worker within 63 industries, yielding approximately 12,000 struc-

tural cells.1 Quarterly CPS samples are too sparse for reliable direct estimation at this

resolution. The CPS samples about 60,000 households each month, roughly 110,000 to

130,000 persons, so the employed respondents in a quarter’s three pooled monthly files

average fewer than 20 per detailed cell. At the same time, collapsing the data would

discard the compensation-share heterogeneity required for Törnqvist quality adjustment.

We resolve this tension in three modules. First, local-linear-trend state-space models

learn trend innovation variances from annual ILPA marginal series and use those dynamics

to smooth quarterly CPS marginal indicators. Second, Denton-Cholette benchmarking

anchors the smoothed quarterly marginals to annual ILPA means. Employment is then

proportionally aligned to aggregate quarterly CPS employment. This alignment moves

the marginal-stage employment level away from the ILPA benchmark by a stable wedge

of about −5 percent, a level difference between the CPS and ILPA employment data,

quantified in Section 4.2. A final cell-level alignment after IPF restores annual ILPA

consistency in the detailed data, so the CPS adjustment’s lasting contribution is the within-

year quarterly shape of employment rather than its level. Hours, weeks, and compensation

take their within-year shape from the smoothing and benchmarking stages, and the CPS

adjustment leaves that shape unchanged. Third, IPF uses interpolated annual ILPA cell

distributions as seeds and reconciles them to the available quarterly marginal targets for

employment (E) and the product quantities EH, EW , and EHWC, whereH, W , and C

denote hours per week, weeks per year, and hourly compensation, so that EH is aggregate

weekly hours, EW aggregate annual weeks, and EHWC total labor compensation. The

set of binding marginal constraints differs by product, as detailed in Section 4.3.

The remainder of the paper proceeds as follows. Section 2 reviews the related labor-input

and temporal-disaggregation literature. Section 3 describes the data and the ILPA labor-

input framework. Section 4 presents the quarterly construction. Section 5 reports the

recession hours and composition results. Section 6 concludes. The appendix documents

variable definitions and implementation details.

1The youngest structural age group, ages 1-15, is retained for classification consistency but zeroed out
before labor input aggregation, leaving 168 active worker types.
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Figure 1 previews the finished data product. It plots the aggregate quarterly QALI series

against its annual counterpart over 2003-2024, with the two recession windows shaded.

The quarterly series stays anchored to the annual account through normal times, so the

quarterly extension does not drift from the published benchmark, yet it resolves the sharp

within-year movements that annual averaging cannot. The COVID-19 episode is the

clearest case. Quarterly QALI falls to 109.5 at the 2020Q2 trough while the flat annual

2020 observation reads 114.9, a within-year gap of 5.4 index points that annual data

average away. The Great Recession, spread across calendar years, shows the quarterly and

annual paths tracking closely. This contrast is explained in detail in Section 5.

Figure 1. Aggregate quality-adjusted labor input (QALI), quarterly path versus annual
benchmark, 2003-2024, indexed to the 2003 annual mean. The black line is the quarterly
series and the red steps are the annual series, flat within each calendar year in the
same format as Figures 3 and 4. Both are the compensation-share-weighted two-stage
Törnqvist aggregate of the 63 industries’ labor input. Shaded bands mark the Great
Recession and COVID-19. The quarterly series threads through the annual benchmarks
in normal times and departs from them within the calendar year during the COVID-19
contraction.

2. Literature Review

This paper contributes to three strands of literature, namely labor quality measurement

in production accounting, the macro-labor literature on cyclical composition bias, and

temporal disaggregation.

The measurement of labor quality in growth accounting descends from Jorgenson and
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Griliches (1967), who showed that aggregating hours without accounting for worker

heterogeneity mismeasures labor input growth, and from Jorgenson et al. (1987), who

operationalized compensation-share-weighted labor input for U.S. industries. The ILPA

framework, jointly developed by the U.S. Bureau of Economic Analysis (BEA) and the

U.S. Bureau of Labor Statistics (BLS), embeds this approach in a consistent industry

production account, decomposing labor input growth into raw hours and labor compo-

sition. Garner et al. (2018) provides the foundational methodology for the 63-industry

framework adopted here. Stewart (2022) shows that disproportionate employment losses

among lower-wage workers materially raised measured labor quality during COVID-19. We

extend this line of work by measuring the same worker-composition mechanism quarterly,

allowing the timing of employment losses and composition shifts to be evaluated within

annual benchmark years.

A parallel macro-labor literature establishes that the composition of the employed work-

force varies systematically over the business cycle and biases cyclical readings of aggregate

averages. Bils (1985) documents that aggregate real wages understate the procyclicality

visible in panel data on individual workers, and Solon et al. (1994) show that this gap

arises from composition bias. Low-wage workers’ hours are disproportionately cyclical,

so the composition of hours shifts toward high-wage workers in downturns. Our compo-

sition results are the industry-level, production-account counterpart of that mechanism.

The same disproportionate loss of low-wage hours that biases aggregate wage cyclicality

appears here as a countercyclical labor-quality wedge, measured quarterly for each of 63

industries within a Törnqvist accounting structure.

The closest existing data products each combine two of the three properties that define our

measure (quality adjustment, industry detail, and quarterly frequency) but not all three.

The annual ILPA account (Garner et al., 2018) is industry-resolved and quality-adjusted

but annual, and our series is its quarterly extension. Fernald (2014) maintains a widely

used quarterly total factor productivity (TFP) series whose labor-quality component is

estimated from CPS demographic shares, but it covers only the aggregate business sector.

The Federal Reserve Bank of Chicago’s quarterly industry-level labor productivity dataset

of Hobijn et al. (2025) provides timely output-per-hour measures for 87 industries, but its

labor input is unadjusted hours consistent with the BLS Productivity and Costs measure.

The 63-industry quarterly QALI combines all three properties. It preserves the worker-
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type-by-industry Törnqvist structure of the annual account and benchmarks to its annual

means, so industry-level composition, the margin on which our recession results turn,

remains tied to the published annual ILPA.

The temporal-disaggregation literature provides the foundation for constructing quarterly

paths from annual benchmarks. Denton (1971) introduced a quadratic-minimization ap-

proach that preserves movement in a high-frequency indicator subject to low-frequency

constraints. The Denton-Cholette variant (Dagum and Cholette, 2006) corrects the

boundary distortions of the original formulation. Regression-based alternatives such as

Chow and Lin (1971), and more recent state-space and dynamic-factor interpolators,

could in principle be applied series by series. We instead combine state-space smoothing

of noisy CPS indicators, Denton-Cholette benchmarking, and IPF because the object of in-

terest is not a single series but a mutually consistent system of five overlapping marginal

vectors and roughly 12,000 detailed cells linked by accounting identities. Joint model-

based estimation at that dimension is computationally impractical, and the IPF stage is

what enforces the cross-sectional consistency that per-series interpolators cannot deliver.

3. Data

We utilize Integrated Public Use Microdata Series Current Population Survey data (IPUMS

CPS; Flood et al., 2025) to construct the base distributions of workers across worker-

type and industry cells. The basic monthly CPS data provide individual-level microdata

on worker characteristics (age, sex, and education), employment status, industry clas-

sification, and hours worked. The CPS outgoing rotation group (ORG) data provide

wage/income and weeks worked per year information. We use data for the period 2003-

2024. The industry classification is consolidated to 63 North American Industry Classi-

fication System (NAICS) groups and worker-type variables are harmonized to the ILPA

definitions documented in Appendix A.

The ILPA provides annual benchmarks for employment (E), hours per week (H), weeks

worked per year (W ), and hourly compensation (C). For benchmarking and cell rec-

onciliation, we work with the additive product quantities E, EH, EW , and EHWC,

that is, employment, aggregate weekly hours, aggregate annual weeks, and total labor

compensation, each formed as the sum of the corresponding cell-level products. Unlike
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the per-worker rates H, W , and C, the products aggregate additively across cells, which

is what the Denton-Cholette and IPF stages require. The benchmarks are available by

detailed NAICS industry classification. Garner et al. (2018) provides the methodology

and implementation of the integrated account, which combines BEA’s industry output

and intermediate input estimates, including capital input, with BLS labor input data to

produce a consistent production account framework.

Our quarterly disaggregation builds directly on the ILPA annual framework, using the pub-

lished estimates as annual-mean constraints in the Denton-Cholette stage. An interme-

diate step aligns quarterly employment with the aggregate CPS series, which temporarily

moves employment away from the annual ILPA benchmark, so Section 4.2 documents

that adjustment separately. The final detailed cells are realigned to the ILPA annual

benchmarks after IPF (Section 4.4).2

Labor composition measurement uses the Törnqvist index to decompose labor input

growth into hours and quality components. At the cell level (worker-type group g within

industry i), we observe employment Eg,i, hours per worker Hg,i, weeks per year Wg,i, and

hourly compensation Cg,i. Total hours in cell (g, i) are HRSg,i,t = Eg,i,t ×Hg,i,t ×Wg,i,t.

We compute these growth measures separately for each of the 63 BEA industries. Quality-

adjusted labor growth (composition-adjusted hours) uses the Törnqvist index, weighting

each worker-type group’s hours growth by its cost share:

QLGi,t =
∑
g

1

2
(ŝg,i,t + ŝg,i,t−1) ln

HRSg,i,t

HRSg,i,t−1

, (1)

( )

∑ HRS
where

C
ŝg,i,t = g,i,t g,i,t is the compensation-weighted hour share of group g in

Cg g,i,tHRSg,i,t

industry i, Cg,i,t is the cell’s hourly compensation, and weights are averaged across two

periods.

2The ILPA data also provide the reference weights for separating the NAICS 525 industry in CPS into
industries 42 and 44. This is necessary since the CPS data does not distinguish these two industries.
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Raw labor (hours) growth is:

LGi,t = ln

( ∑
g HRSg,i,t∑

g HRSg,i,t−1

)
. (2)

The quality (composition) growth component is the difference:

QGi,t = QLGi,t − LGi,t. (3)

This difference captures shifts in the composition of hours toward workers in groups

with higher average labor compensation (positive growth rates) or lower average labor

compensation (negative growth rates), reflecting labor quality changes from compositional

shifts.

The first step of the data integration process harmonizes CPS worker characteristics to the

worker-type dimensions used in ILPA. These dimensions are crossed to form the worker-

type cells used in the Törnqvist labor input calculation. Table 1 lists the dimensions and

their categories.

Table 1. Worker-Type Dimensions for Labor Input Measurement

Dimension Number of Groups Categories

Age 8 1-15; 16-17; 18-24; 25-34; 35-44; 45-54; 55-64; 65+
Education 6 Less than 9th grade; 9th-12th grade, no diploma;

high school diploma/GED; some college or associate
degree; bachelor’s degree; graduate degree (master’s,
professional, or doctoral)

Sex 2 Male; female
Class of worker 2 Wage and salary (private and government); self-

employed

Crossing these dimensions yields 8 × 6 × 2 × 2 = 192 structural worker-type cells. The

ages 1-15 group is retained for classification consistency but zeroed out before labor input

aggregation, so the active worker-type universe contains 168 cells.

Additionally, 63 industries are mapped to 13 sectors in order to ensure that the worker-type
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and industry cross-classification has enough observations when building marginal vectors.

The 13 broad sectors include (1) agriculture, (2) mining and utilities, (3) construction, (4)

durable manufacturing, (5) nondurable manufacturing, (6) trade, (7) transportation, (8)

information and financial services, (9) professional and business services, (10) education

and health, (11) leisure and hospitality, (12) other services, and (13) government. The

full industry-to-sector mapping is listed in Appendix B.1.

4. Methodology Overview

Quarterly CPS microdata are too noisy for direct estimation of the full worker-type-by-

industry array. The quarterly construction therefore operates first on five lower-dimensional

marginal vectors, namely worker type (education × age × sex), industry, class of worker

× sector, education × sector, and sex × sector. The method has three modules, followed

by a final annual alignment of the detailed cells. The construction follows the same basic

approach as the annual ILPA account (Garner et al., 2018) and the growth-accounting

framework of Jorgenson et al. (2005).

The estimation pipeline is sequential, as each of the three modules addresses a distinct

deficiency in the high-frequency microdata. First, because quarterly CPS marginals are

dominated by sampling noise, they are smoothed into credible high-frequency indicators.

Second, because smoothing alone cannot guarantee correct aggregate levels, these indica-

tors are benchmarked to the annual ILPA account, pinning down the structural level while

preserving the high-frequency shape. Finally, only after the marginal totals are corrected

for both noise and level can they be distributed down to the roughly 12,000 detailed cells

using IPF. A fourth and final step, applied after IPF, aligns each detailed cell’s annual

mean to its ILPA cell benchmark (Section 4.4).

4.1. State-space smoothing of quarterly marginals

Each quarterly CPS marginal series is first seasonally adjusted using X-13ARIMA-SEATS,

with implementation details in Appendix B.2. For each annual ILPA marginal series, we
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estimate a local linear trend model:

ln(Xannual
y ) = µy + ϵy, (4)

µy+1 = µy + βy + ηµ,y, (5)

βy+1 = βy + ηβ,y, (6)

where µy is the level, βy is the slope, and the disturbances have variances R, Qµ, and

Qβ. Annual equations are indexed by y and quarterly equations by q. The annual series

identify the process innovation variances Qµ and Qβ. These dynamics are then applied to

the corresponding quarterly CPS marginal indicator, while quarterly measurement variance

is estimated separately to reflect higher survey noise. The smoothing is performed on

marginal series, not on the approximately 12,000 detailed cells.

One deliberate exception applies. Employment for the worker-type marginal (education

× age × sex) is not Kalman-smoothed, and the seasonally adjusted series is used directly

as the benchmarking indicator. The purpose of the exception is to keep aggregate labor-

composition change timely. The worker-type employment shares are the direct source of

that change, and the filter would delay and damp exactly those movements. Bypassing

the filter is acceptable for this series because employment has the largest sample sizes

of the four variables, so its quarterly movements are the most reliably measured. The

sector-crossed marginals and all rate variables retain the full smoothing treatment. Hours,

weeks, and compensation for the worker-type marginal remain smoothed. Because they are

recovered from benchmarked product ratios, the unsmoothed employment factor largely

cancels and their smoothness is preserved.

4.2. Denton-Cholette benchmarking and CPS employment alignment

Let Iyq denote the quarterly marginal indicator produced by the smoothing stage, the

Kalman-smoothed series in general and the seasonally adjusted series for worker-type

employment, and let xyq denote its benchmarked value. Denton-Cholette preserves the

within-year movement of Iyq subject to the annual-mean constraint

1

4

4∑
q=1

xyq = X ILPA
y . (7)
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The procedure is applied to the additive quantities E, EH, EW , and EHWC.

Figure 2 illustrates the smoothing and benchmarking stages for one industry’s employment.

The raw quarterly CPS tabulation is too noisy to use directly, with a quarter-to-quarter

standard deviation about three times that of the smoothed path. The Kalman step

extracts the underlying trend, and the Denton-Cholette step locks the annual mean of the

smoothed indicator onto the ILPA benchmark while preserving its within-year movement.

The level shift between the smoothed CPS indicator and the benchmarked path reflects the

difference between the CPS employment level and the ILPA benchmark for this industry.

Figure 2. The smoothing and benchmarking stages applied to construction employment,
one of the 63 industry marginals. The grey line is the raw quarterly CPS tabulation, the
light line the Kalman-smoothed indicator, and the dark line the Denton-Cholette bench-
marked path. The diamonds are the annual ILPA employment benchmarks, which the
benchmarked path reproduces in annual mean. Construction employment is Kalman-
smoothed under the kept configuration, so the figure is representative of the general
treatment rather than the worker-type employment exception.

A second calibration aligns aggregate quarterly employment with seasonally adjusted CPS

employment. This stage operates on the marginal vectors, since the detailed worker-

type-by-industry array is not constructed until the IPF module. If Ẽm,q is the Denton-

benchmarked employment of cell m within marginal vector s, the quarterly factor, com-

puted and applied within each marginal vector, is

λs,q =
ECPS

s,q∑
m∈s Ẽm,q

, Em,q = λs,qẼm,q, (8)
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where ECPS
s,q is the seasonally adjusted CPS employment aggregate for vector s, computed

within the pipeline as the sum of the vector’s X-13-adjusted cell indicators. This step

preserves the quarterly cross-sectional distribution but moves the marginal-stage employ-

ment level away from the annual ILPA benchmark. The resulting wedge is quantifiable

and stable. The implied annual mean of the CPS-aligned marginal employment sits below

the ILPA benchmark by 5.3 percent on average over 2003-2024, within a narrow −4.3 to

−6.4 percent band, reflecting the data difference between the CPS and the ILPA. Because

the wedge is nearly constant, the within-year shape this stage imposes is essentially unaf-

fected by it, as the year-to-year change in the wedge averages 0.3 percentage point. The

wedge does not persist into the final data. The annual cell-level alignment of Section 4.4

subsequently rescales the detailed cells to the ILPA annual benchmarks, so the Stage 2

adjustment’s lasting contribution is the quarterly shape of employment rather than its

level. Hours, weeks, and hourly compensation retain their benchmarked paths and enter

the product identities with the adjusted employment component.

4.3. Iterative proportional fitting

The third module starts from an interpolated annual ILPA worker-type-by-industry seed

and reconciles it to the quarterly marginals using multiway IPF. Ordinary row-column

RAS is the two-dimensional special case. The implementation here cycles over several

overlapping marginal vectors in a five-dimensional array.

The reconciliation proceeds sequentially through the additive products, first E, then EH,

then EW , then EHWC, followed by recovery of the component variables:

H =
EH

E
, W =

EW

E
, C =

EHWC

E ×H ×W
. (9)

Before IPF, the five marginal vectors are harmonized so that mutually consistent targets

exist. Employment totals of the industry, class-by-sector, education-by-sector, and sex-by-

sector vectors are rescaled each quarter to the worker-type vector’s total, which serves as

the authoritative aggregate. The education-by-sector and sex-by-sector targets are then

reconciled by two-dimensional IPF to education and sex controls derived from the worker-

type vector and sector controls derived from the industry vector, and the class-by-sector

targets are scaled to the same sector controls. This harmonization applies to all four

products. Without it the five separately smoothed and benchmarked vectors would give
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the IPF loop mutually inconsistent targets. Appendix B.4 gives details.

For employment and employment-hours, all five marginal vectors are iteratively enforced.

For EW and EHWC, the iterative loop binds only the worker-type, education-by-sector,

and sex-by-sector constraints. Industry and class-by-sector totals are pre-reconciled but

are not iteratively imposed because those CPS cells are especially sparse.

4.4. Annual cell-level alignment

After IPF, a final calibration aligns the detailed cells to the annual account. For each

detailed worker-type-by-industry cell and year, the four quarterly values are averaged and

compared with the corresponding annual ILPA cell benchmark. The cell’s four quarters are

then rescaled by the single factor that equates the two, with conservative safeguards for

empty cells (Appendix B.5). Because one factor applies to all four quarters of a cell-year,

the within-year movement produced by the earlier stages is preserved exactly while annual

ILPA consistency is restored at the cell level. All labor-composition results in this paper

are computed from the aligned cells.

5. Empirical Findings

The empirical analysis uses the quarterly labor input series to characterize how raw hours

and labor composition move over the business cycle, and how much quarterly resolution

matters relative to annual data. It is organized as a two-by-two. The aggregate level comes

first, covering the peak-to-trough (Section 5.1) and then the recovery (Section 5.2). The

industry cross-section follows for the same two phases (Sections 5.3 and 5.4). Two findings

recur. At the trough, annual averaging attenuates whatever moves sharply within the

calendar year. It understates both the COVID-19 raw-hours drawdown and the COVID-

19 composition spike, while modestly overstating the Great Recession’s slower-building

composition change. Through the recovery, both margins move within the calendar year

in ways annual data cannot resolve, and the two recessions differ in persistence rather

than mechanism.
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5.1. Peak-to-trough measurement: aggregate hours and composition

We first measure how much annual averaging distorts the peak-to-trough movement of

the two labor margins at the aggregate level. Aggregate raw hours are total hours summed

across the 63 industries, and their change is the log change of this total. Aggregate labor

composition is the compensation-share-weighted two-stage Törnqvist index of labor input,

QALI, minus the raw hours aggregate. It splits additively into a within-industry component

(worker-type upgrading within industries) and a between-industry component (reallocation

of hours across industries of differing pay). The quarterly measure uses common National

Bureau of Economic Research (NBER) windows, 2007Q4-2009Q2 for the Great Recession

and 2019Q4-2020Q2 for COVID-19. The annual measure applies the same aggregation

to the annual ILPA benchmark series over the corresponding calendar years. All changes

are peak-to-trough log-differences ×100. Table 2 reports both margins.

Table 2. Aggregate Peak-to-Trough Raw Hours and Labor Composition

Raw hours Composition Comp. mix

Episode Qtr Ann gap Qtr Ann gap within between

Great Recession −6.84 −6.86 +0.02 1.98 2.18 −0.20 1.15 0.83
COVID–19 −12.78 −6.08 −6.70 3.79 2.53 +1.26 2.81 0.98

Note: Peak-to-trough log-differences ×100 (percentage points). Windows are 2007Q4 to
2009Q2 (Great Recession) and 2019Q4 to 2020Q2 (COVID-19). Annual entries compare the
corresponding calendar years. Raw hours are the log change of total hours summed across the
63 industries. Composition is the compensation-share-weighted aggregate labor input (QALI)
minus hours, split into within-industry worker-type composition and between-industry hours
reallocation (within and between are the quarterly total). A negative hours gap means the
quarterly drawdown is deeper. A negative composition gap means annual reads a larger

composition change. Gap entries are computed from unrounded values and may differ in the
final digit from the difference of the displayed columns.

Raw hours give the paper’s central measurement result. In the Great Recession, the

quarterly and annual drawdowns are essentially identical, because the contraction spans

nearly three calendar years and annual averaging loses almost nothing. In COVID-19,

however, the quarterly drawdown is more than twice as deep as the annual measure.

Because the 2020Q2 trough and its rapid rebound fall entirely inside one calendar year,

the annual observation averages the contraction, trough, and recovery into a single, much

shallower value.
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Labor composition rises in both episodes, but the COVID-19 spike is nearly twice as large,

consistent with an hours drawdown about twice as deep concentrated in a much shorter

window. The underlying mechanism is the same in both, as the disproportionate loss of

low-wage hours mechanically raises measured average labor quality, but the composition

mix differs. The Great Recession’s rise is more evenly split between within-industry up-

grading and between-industry reallocation. In contrast, the COVID-19 composition spike

is dominated by the within-industry margin, as low-wage workers were shed within virtually

every industry at once.

Comparing these quarterly readings to the annual data shows that the quarterly-annual

gap depends on the duration of the shock relative to the calendar year. Because Great

Recession composition builds slowly and keeps rising past the trough, the annual trough-

year average sits slightly above the quarterly trough reading. In COVID-19, however, the

composition spike peaks at the 2020Q2 trough and reverts substantially within the same

calendar year, meaning annual averaging heavily attenuates the composition spike just as

it attenuates the hours trough. Annual measurement thus understates both margins of

the COVID-19 shock, while for the slow-moving Great Recession it tracks hours closely

and modestly overstates composition. Section 5.3 traces this contrast to the industry

cross-section.

5.2. Recovery dynamics: aggregate hours and composition

Because the quarterly series resolves within-year movement, it can trace how both margins

evolve after the trough, not just their peak-to-trough change. For raw hours this is the

mechanism behind the attenuation in Table 2. For composition it reveals a within-year

cycle that annual data cannot see.

Raw hours trace opposite recovery shapes in the two episodes. Figure 3 plots the aggregate

hours path relative to the prerecession baseline, with the annual series overlaid as a flat

step within each calendar year. In COVID-19 the path is a sharp V. Hours fall to −12.8 log

points at the 2020Q2 trough and rebound almost as fast, returning to the 2019Q4 baseline

within about two years and rising above it thereafter. The flat annual 2020 observation

sits near the midpoint of this V, at −6.1, which is why annual data understate both the

drop and the rebound and why the hours drawdown gap in Table 2 is 6.7 points. The
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Great Recession is instead a slow U in which hours remain depressed for years. Aggregate

hours keep falling for two quarters past the NBER trough, reaching −8.1 in 2009Q4, and

remain about 2.3 log points below baseline four years after the trough. There the annual

steps track the quarterly path closely, consistent with the near-zero gap.

Figure 3. Raw hours through the recovery, relative to the pre-recession baseline (2007Q4
for the Great Recession, 2019Q4 for COVID-19). The black line is the quarterly path
of total hours. The red steps are the annual series, flat within each calendar year. The
dashed vertical line marks the NBER trough, and the dotted lines mark two and four
years after it. COVID-19 traces a sharp V that returns to baseline within about two
years, with the flat annual 2020 observation near the midpoint. The Great Recession
traces a slow U that annual data track closely.

Labor composition resolves into a within-year cycle instead. Figure 4 plots the aggregate

composition path relative to the prerecession baseline, through four years past the trough,

with the annual series overlaid as a flat step within each calendar year, in the same format

as Figure 3.

The two recoveries differ in persistence. In COVID-19, composition spikes at the trough

(+3.79) and then reverses almost completely within about two years, falling to +0.67 by

late 2021, before a smaller second rise through 2022-2024. In the Great Recession the

rise is persistent. Composition builds to +1.98 at the trough, reaches +2.63 two quarters

later, and stands at +2.92 four years after the trough.

The nonmonotonic COVID-19 path (a sharp spike, near-complete reversal, and later rerise)

is invisible at annual frequency, where 2020 registers as a single elevated observation and
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2021 as a single lower one. This within-year composition cycle is the clearest illustration

of why quarterly resolution matters for measuring labor input over the business cycle.

Figure 4. Labor composition through the recovery, relative to the pre-recession baseline
(2007Q4 for the Great Recession, 2019Q4 for COVID-19), through four years past the
trough. The black line is the quarterly composition path. The red steps are the annual
series, flat within each calendar year. The dashed vertical line marks the NBER trough,
and the dotted lines mark two and four years after it. The COVID-19 composition
spike peaks at the trough and reverts within the calendar year, so the flat annual 2020
observation sits well below the quarterly spike. The Great Recession’s composition
builds slowly and keeps rising past the trough, and the annual steps track it closely.

5.3. Peak-to-trough measurement: the industry cross-section

The aggregate results show that annual averaging attenuates whatever reverts within

the calendar year, which in COVID-19 means both the hours trough and the composition

spike. The industry level reveals the underlying pattern, and shows that the gaps are near-

uniform shifts in COVID-19 but small and idiosyncratic in the Great Recession. Figure 5

plots, for each of the 63 industries, the quarterly peak-to-trough change against its annual

counterpart, separately for raw hours and labor composition in each recession. Points on

the 45-degree line are measured identically at the two frequencies. Points off it are where

annual measurement disagrees. Each panel also reports the mean quarterly-minus-annual

gap.

For raw hours in COVID-19, the industry points form a tight band below the diagonal.

Every industry’s quarterly drawdown is deeper than its annual drawdown by a similar

amount, 5.7 percentage points on average. Annual averaging thus understates the COVID-
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19 hours drawdown almost uniformly, which is why the industry gaps aggregate to the

−6.70 point gap in Table 2 and why the relative severity of the hardest-hit industries is

essentially unchanged between the two frequencies. The largest individual gaps are not

the hardest-hit industries but the pandemic winners, warehousing, transportation support,

and data processing, whose within-year surge lifts the annual 2020 average above the

2020Q2 trough and places them above the band. In the Great Recession the hours points

lie on the diagonal (mean gap +0.17), since that contraction spans three calendar years

and annual data lose almost nothing.

Labor composition splits by episode. In the Great Recession the composition points fan

closely around the diagonal with a small negative mean gap (−0.15). Annual measurement

slightly overstates the composition rise there, and the disagreement is industry-specific

rather than systematic, concentrated in a few small industries with sharp within-year

swings (data processing, textile mills, apparel). In COVID-19 the picture mirrors the

hours panel. The points sit above the diagonal in nearly every industry, with a mean gap

of +1.53. Quarterly measurement reads a larger composition increase than annual almost

uniformly, because industry composition spiked at the 2020Q2 trough and reverted within

the calendar year, so the annual 2020 average sits well below the quarterly spike, the same

attenuation mechanism that governs hours. The industries where the two frequencies

disagree most in COVID-19 are computer and electronic products, legal services, and

ambulatory health care.

Taken together, the industry cross-section shows that the quarterly-annual gap is episode-

specific, not margin-specific. In COVID-19, annual data understate both the hours draw-

down and the composition spike through near-uniform shifts that leave relative industry

severity intact. In the Great Recession, annual data track hours closely and only slightly

overstate composition, through a small, idiosyncratic gap that reflects composition’s con-

tinued rise past the trough.

5.4. Recovery dynamics: the industry cross-section

The aggregate recovery path of Section 5.2 masks substantial cross-industry heterogeneity,

and the industry level shows which industries drive the aggregate gaps and whether their

composition changes reversed. Figure 6 plots, for each industry, the quarterly change
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Figure 5. Quarterly versus annual peak-to-trough change by industry, for raw hours (top
row) and labor composition (bottom row), in the Great Recession and COVID-19. Each
point is one of the 63 industries (finance industries 42 and 44 dropped); marker size is
the industry’s hours share. The 45-degree line marks equality of the two frequencies.
Each panel reports the mean quarterly-minus-annual gap. In COVID-19, hours form a
tight band below the line and composition a band above it, both near-uniform shifts.
In the Great Recession, both margins lie close to the line, with composition fanning
idiosyncratically around it. The three labeled industries per panel have the largest
absolute quarterly-minus-annual gap.
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over the two years (eight quarters) following the trough against its annual counterpart

(trough year to two years later), for raw hours and within-industry composition, in the

same format as Figure 5. In COVID-19 the two margins deviate from the 45-degree line

in opposite directions. The hours points lie above the line (mean gap +6.48 percentage

points), as annual data understate the rebound just as they understate the drawdown, and

the composition points lie below it (mean gap −2.05), as annual data miss the within-year

reversal of the spike. In the Great Recession both margins lie close to the line (−0.63 for

hours and +0.15 for composition).

On the hours margin the cross-section largely reproduces the aggregate paths of Sec-

tion 5.2. In COVID-19 the industries with the deepest drawdowns rebound the most,

with a cross-industry correlation of −0.48 between the peak-to-trough drawdown and the

two-year recovery and a mean recovery of +15.6 points against a mean drawdown of

−14.2. In the Great Recession hours barely recover across nearly the whole cross-section,

with a mean two-year recovery of +0.8 points against a mean drawdown of −9.2 and

a correlation of only −0.12. The composition margin is where the cross-section is more

informative.

The two recessions differ sharply. In COVID-19, the industries with the largest compo-

sition spikes reverse the most. The cross-industry correlation between the trough spike

and the composition change over the following eight quarters is −0.50, and the shock is

concentrated in a few hard-hit industries (apparel, textiles, food manufacturing, admin-

istrative and support services) with large, transitory swings. Apparel alone spikes +8.1

and then reverses −7.4 percentage points. In the Great Recession the same correlation

is +0.53. The industries whose composition rose most at the trough continued rising

afterward, and the changes were smaller and more broadly spread across manufacturing

and business services. Measured at four years rather than two, the contrast holds (−0.43

in COVID-19 and +0.09 in the Great Recession). The trough spike is also more dispersed

across industries in COVID-19 (cross-industry standard deviation 1.31 versus 0.88). Fi-

nally, the industries driving the two episodes are largely different, with a cross-recession

correlation of industry composition responses of only +0.21.

Taken together with the aggregate paths, the recovery evidence indicates that the two

recessions’ composition responses differed less in mechanism than in persistence. COVID-
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19’s were large, concentrated, and transitory, while the Great Recession’s were smaller,

broader, and persistent.

6. Conclusion

This paper develops a quarterly extension of the annual ILPA labor-input framework. The

integrated Kalman-Denton-IPF pipeline smooths noisy quarterly CPS marginal indicators

using dynamics learned from annual ILPA, benchmarks the quarterly paths to annual ILPA

means, aligns employment with aggregate quarterly CPS employment, reconstructs the

detailed worker-type-by-industry distribution while preserving the multiplicative E ×H ×
W × C accounting structure, and finally aligns each detailed cell to its annual ILPA

benchmark so that the published annual account is reproduced at the cell level.

The resulting quarterly series demonstrate why frequency matters. Because annual data

mechanically absorb the rebounds that follow rapid troughs, they truncate our view of

short-duration shocks. In COVID-19, the raw-hours drawdown and the labor-composition

spike measured quarterly exceed their annual counterparts by economically meaningful

margins. Furthermore, quarterly QALI resolves the dynamic path of labor composition over

the cycle. While measured labor composition rose during both the Great Recession and

COVID-19 as lower-paid workers lost hours disproportionately, the quarterly data reveal

that the COVID-19 shock was concentrated and transitory, reversing almost completely

within two years, whereas the Great Recession’s composition shifts were smaller, broader,

and persistent.

The contribution is both methodological and empirical. It comprises a quarterly labor-

input data product that remains tied to the annual production-account structure, together

with evidence that within-year timing materially affects both measured recession severity

and the persistence of labor-composition changes that annual data cannot resolve.

The most immediate application is quarterly productivity measurement. Combining quar-

terly QALI with quarterly industry output would extend the production account to business-

cycle frequency, and the composition results suggest the payoff is more than finer reso-

lution. Because the 2020 composition spike was large and largely transitory, part of the

measured surge in output per hour during the pandemic, and part of the subsequent
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Figure 6. Recovery changes over the two years after the trough, quarterly (vertical)
versus annual (horizontal), for raw hours (top row) and within-industry composition
(bottom row), in the Great Recession and COVID-19. Each point is one of the 63
industries (finance industries 42 and 44 dropped), and marker size is the industry’s
hours share. The 45-degree line marks equality of the two frequencies, and each panel
reports the mean quarterly-minus-annual gap. In COVID-19 the hours points lie above
the line, as annual data understate the rebound, and the composition points lie below
it, as annual data miss the within-year reversal of the spike. In the Great Recession
both margins lie close to the line.
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2021-2022 slowdown, likely reflect who was working rather than changes in efficiency.

Annual labor-quality estimates, which understate the spike at its peak and cannot see it

reverse, allocate this margin to different years than the quarterly series would. A quarterly

quality-adjusted account would therefore discipline interpretations of the post-pandemic

productivity path that currently rest on annual composition adjustment.

Real-time tracking of labor composition would also inform policy during rapid shocks.

Aggregate averages such as hourly earnings and output per hour moved sharply in 2020

partly because the composition of the employed workforce changed, rather than solely

because individual wages or productivity changed. A quarterly composition measure sepa-

rates these margins as events unfold. For monetary and fiscal authorities assessing labor-

market slack, wage pressure, or potential output in the middle of a fast-moving downturn,

knowing whether a surge in average wages or measured productivity is a composition

artifact of who lost employment is directly decision-relevant. The present paper’s central

contribution is the quarterly measurement of labor input and its cyclical composition.

A. CPS Variable Definitions and Worker-Type Classi-

fications

Table A.1 documents the worker-type groupings constructed from CPS microdata, and

Table A.2 documents the CPS source variables and construction rules. The four additive

labor input quantities, employment (E), employment-hours (EH), employment-weeks

(EW ), and total labor compensation (EHWC), are aggregated to each cell defined by

the cross-product of these dimensions interacted with 63 BEA industry groups.

B. Detailed Methodology

B.1. 63 Industry to 13 Sector Mapping

Table B.1 lists the mapping from the 63 BEA industries to the 13 broad sectors used in

the marginal construction.
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Table A.1. Worker-Type Cell Boundaries

Dimension Group Label CPS / IPUMS criterion

Age (agegrp)

1

2
3
4
5
6
7
8

1-15

16-17
18-24
25-34
35-44
45-54
55-64
65+

age ≤ 15; zeroed out before labor
input aggregation
16 ≤ age ≤ 17
18 ≤ age ≤ 24
25 ≤ age ≤ 34
35 ≤ age ≤ 44
45 ≤ age ≤ 54
55 ≤ age ≤ 64
age ≥ 65

Education (edugrp)

1
2

3

4

5
6

Less than 9th grade
9th-12th grade, no
diploma
High school diploma
/ GED
Some college or asso-
ciate degree
Bachelor’s degree
Graduate degree
(master’s, prof.,
doctoral)

educ ≤ 39
40 ≤ educ ≤ 72

educ = 73

80 ≤ educ ≤ 122, excluding 111

educ = 111
educ ≥ 123

Sex (sex)
1
2

Male
Female

sex

sex

= 1
= 2

Worker class (classgrp)
1

2

Wage and salary
(private and govern-
ment)
Self-employed

15 ≤ classwkr ≤
classwkr ≤ 28

10 ≤ classwkr ≤ 14

25 or 27 ≤
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Table A.2. CPS Source Variables and Construction of the Additive Quantities

Variable CPS source Construction

Employment (E)

Hours (EH)

Weeks (EW )

Weekly earnings (EHC)

wtfinl/3

uhrswork1

wksworkorg

earnweek

Weighted count of employed persons (empstat 10,
12). The weight is divided by 3 to convert monthly
to quarterly∑

uhrswork1 × (wtfinl/3). Usual hours worked
per week, with values ≥ 900 set missing
Weeks worked per year, deliberately harmonized
to interval midpoints in the style of the Annual
Social and Economic Supplement (ASEC) so the
quarterly indicator matches the annual benchmark’s
weeks definition. Cell-level W is the weighted mean
among valid reporters, and the benchmarking quan-
tity EW is constructed as E×W , so reporting rates
do not enter the indicator’s variance. Reported for
a subset of ORG earners (see notes)∑

earnweek×(earnwt/3). Usual weekly earnings,
with topcoded values replaced with the mean above
the topcode implied by a fitted log-normal earnings
distribution. Hourly compensation C is derived as
weekly earnings divided by average weekly hours.
The benchmarking quantity EHWC is then con-
structed as the product E × H × W × C, not by
summing earnweek directly

Notes: Industry assignment follows four crosswalk vintages (2003-2008, 2009-2013, 2014-2019, and
2020 onward), reflecting NAICS reclassification cycles. Federal government workers (classwkr = 25)
are assigned to industry 62, and state and local government workers (classwkr ∈ {27, 28}) to industry

63, overriding the crosswalk assignment. The topcode threshold is $2,884.61/week. Topcoded
observations are replaced with the conditional mean above the topcode estimated under a log-normal

model of weekly earnings, following the Center for Economic and Policy Research CPS-ORG
methodology (Schmitt, 2003). From 2023Q2 onward, IPUMS sources weekly earnings from the
redesigned EARNWEEK2 variable, which carries month-varying swap-value topcodes and a different

not-in-universe code. These observations are harmonized to the legacy coding (not-in-universe recoded,
values above $2,884.61 re-capped) so that the fixed-topcode log-normal correction applies uniformly

across 2003-2024. Valid weeks-worked reports cover about 26 percent of the ORG earner universe (5.4
percent of all employed respondents over 2003-2024). Cell-level W is computed as the mean among

reporters, and because its level and trend are anchored to annual ILPA weeks through Denton-Cholette
benchmarking, with the quarterly indicator heavily smoothed, the restricted reporting universe affects

only the within-year shape of the weeks path.
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Table B.1. Broad sectors used in aggregation

Code Sector Industry codes (1-
63)

1 agriculture 1-2
2 mining & utilities 3-6
3 construction 7
4 durable manufacturing 8-18
5 nondurable manufacturing 19-26
6 trade 27-28
7 transportation 29-36
8 information & finance 37-45
9 professional & business services 46-52
10 education & health 53-56
11 leisure & hospitality 57-60
12 other services 61
13 government 62-63

Note: These 13 broad sectors aggregate the 63 BEA detailed industries using the code ranges
shown. Industry definitions follow the standard BEA industry classification.

B.2. Marginal Creation

The first stage constructs annual marginal benchmarks from the published ILPA data.

Marginals are dimensional aggregates computed across each of the five marginal vectors,

serving as targets for subsequent temporal disaggregation and distribution adjustment.

We construct the four additive quantities employment E, employment-hours EH, employment-

weeks EW , and total labor compensation EHWC across five mutually consistent marginal

vectors:

• Worker types (education, age, sex), 6× 8× 2 = 96 cells

• Industry, 63 NAICS groups

• Class and sector, 2× 13 = 26 cells

• Education and sector, 6× 13 = 78 cells
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• Sex and sector, 2× 13 = 26 cells

Because the Denton-Cholette method operates on additive quantities, we compute multi-

plicative aggregates (EH, EW, EHWC) to preserve the accounting identity E×H×W ×
C = Total Compensation.

Quarterly marginal aggregates are then seasonally adjusted using X-13ARIMA-SEATS

(U.S. Census Bureau, 2017) to remove seasonal patterns, producing seasonally adjusted

series that isolate trend and cyclical variation. The adjustment uses an additive X-11

decomposition with no transformation, and the regARIMA stage’s automatic outlier de-

tection remains enabled, so extreme pandemic observations are captured by automatically

identified additive-outlier and level-shift regressors rather than absorbed into the seasonal

factors. This prevents the 2020Q2 collapse from distorting the estimated seasonal pattern.

For the small number of series where X-13 estimation fails, the pipeline falls back to the

unadjusted series and logs the case. Seasonal adjustment precedes state space filtering to

prevent the Kalman smoother from attributing seasonal fluctuations to trend volatility.

B.3. Quarterly Smoothing via State Space Modeling with Annual Dynamics

The smoothing procedure has two steps. It estimates trend variances from the cleaner

annual ILPA benchmarks and applies them to smooth the quarterly indicators.

B.3.1. Learning Dynamics from Annual Data

For each annual ILPA marginal series, we fit a local linear trend state space model in

which the log of the series is a noisy observation of a level that follows a random walk

with stochastic drift:

ln(Xannual
y ) = µy + ϵy, ϵy ∼ N(0, R), (B.1)

µy+1 = µy + βy + ηµ,y, ηµ,y ∼ N(0, Qµ), (B.2)

βy+1 = βy + ηβ,y, ηβ,y ∼ N(0, Qβ), (B.3)

where µy is the level and βy is the slope. Annual equations are indexed by y and quarterly

equations below by q.
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We estimate the process variances Qµ and Qβ (representing the true trend volatility in

annual data) and measurement-error variance R by maximum likelihood using the Kalman

filter, implemented with the KFAS state-space package (Helske, 2017) in R (R Core Team,

2024).3

B.3.2. Applying Dynamics to Quarterly Smoothing

The estimated quarterly state space model uses the trend dynamics learned from annual

data:

ln(Xquarterly
q ) = µq + ϵq, (B.4)

with process variances inherited directly from the annual estimates:

Qquarterly
µ = Qannual

µ , Qquarterly
β = Qannual

β . (B.5)

This transfer is a deliberate heuristic, not a temporal-aggregation identity. Because in-

novation variances cumulate over time, a frequency-consistent local-linear-trend mapping

would scale the quarterly variances below the annual ones (for the level, by roughly the

number of quarters per year). Carrying the annual variances over unscaled makes the quar-

terly trend more responsive than strict aggregation arithmetic would imply. We adopt the

unscaled transfer for two reasons. First, the filter’s behavior is governed by the signal-to-

noise ratio Q/R rather than by Q alone, and the quarterly measurement variance Rquarterly

is estimated separately (with the safeguards described below), so the effective degree of

smoothing is disciplined on the noise side. Second, any residual over-responsiveness in

the smoothed indicator affects only within-year shape. The subsequent Denton-Cholette

stage pins every year’s level to the annual ILPA benchmark, so the choice does not affect

annual levels. In practice the unscaled transfer errs toward preserving within-year move-

ment, which is the object of interest, and the benchmarking stage bounds the cost of that

3Unlike some implementations that fix R = 0 for annual data, we estimate R from the annual series.
This allows the model to distinguish between genuine trend variation (captured by Q) and observational
noise (captured by R), preventing inflated Q estimates from conflating true variation with measurement
error.
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choice.

The quarterly measurement-error variance Rquarterly is estimated separately from the sea-

sonally adjusted quarterly CPS microdata, reflecting the higher measurement error in

quarterly survey data versus annual benchmarks.4

We apply the Kalman smoother (KFS) to obtain smoothed state estimates for the quarterly

series. The smoothed level component µq represents the underlying quarterly trend with

noise removed, guided by the dynamics learned from the more reliable annual data.

Exception: worker-type employment.Employment for the worker-type marginal (education ×
age × sex) bypasses the Kalman step. Its seasonally adjusted series is used directly as the

Denton-Cholette indicator. As stated in Section 4, the purpose of the exception is to keep

aggregate labor-composition change timely. The worker-type cells are the direct source

of aggregate labor-composition movement, so smoothing this indicator damps and delays

the aggregate composition path, including the 2020Q2 reallocation that is central to the

results. Bypassing the filter is acceptable for this series because employment is collected

for every CPS respondent, unlike weeks and earnings, which come only from the outgoing

rotation groups, and the worker-type marginal pools the full sample across all industries,

so its quarterly movements are the most reliably measured in the system. Consistent

with this, the unsmoothed treatment keeps aggregate labor-composition growth in line

with external estimates constructed directly from CPS demographic shares, which apply

no such filter. Hours, weeks, and compensation on every marginal, and employment on

the other marginal vectors, retain the full state-space treatment described above. The

unsmoothed employment indicator is still benchmarked to annual ILPA means in Stage 1,

so annual consistency is unaffected.

B.3.3. Sequential Two-Stage Calibration

The quarterly labor input estimates are subjected to sequential two-stage calibration, first

to annual ILPA benchmarks through Denton-Cholette temporal disaggregation and then to

quarterly CPS aggregate employment through proportional scaling. The two stages serve

different purposes. Denton-Cholette anchors the smoothed quarterly path to the annual

4As a sanity check that quarterly survey data are not treated as more precise than annual data, we require
Rquarterly ≥ Rannual. When the freely estimated quarterly variance falls below the annual estimate, it is
reset to 2×Rannual. Additionally, if the signal-to-noise ratio Qquarterly

µ /Rquarterly exceeds 0.05, we adjust

Rquarterly upward to prevent the filter from tracking noise rather than smoothing.
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ILPA account, while the CPS proportional adjustment aligns the marginal-stage quarterly

employment level with the high-frequency aggregate employment series. Because the CPS

adjustment is applied after annual benchmarking rather than solved jointly with it, exact

annual aggregation holds after Stage 1 and the Stage 2 employment series should be

interpreted as CPS-aligned quarterly estimates. A third, cell-level alignment applied after

IPF (Appendix B.5) subsequently restores annual ILPA consistency in the final detailed

data. This approach balances two objectives:

1. Annual benchmarking to ILPA: The official ILPA data provides authoritative

annual estimates of employment, hours, weeks, and compensation by industry and

worker-type group. The Stage 1 quarterly estimates are benchmarked to these

annual means before the CPS proportional adjustment.

2. Quarterly alignment with CPS: The CPS is the timeliest source of high-frequency

employment movement. Each marginal vector’s quarterly employment total is

aligned to the pipeline’s X-13 seasonally adjusted aggregate of CPS employment,

computed within that vector, so that the quarterly path of employment reflects the

high-frequency movement of the survey.

The first stage imposes annual ILPA consistency, and the second stage aligns quarterly

employment with CPS. This approach preserves the relative distribution of employment

across worker-type and industry groups (important for the subsequent IPF step) while

anchoring the quarterly path of employment to the CPS-based seasonally adjusted aggre-

gate.

B.3.4. Stage 1: Denton-Cholette Benchmarking

Following the smoothing stage, let Iyq denote the quarterly indicator for quarter q of year

y, meaning the Kalman-smoothed series in general and the seasonally adjusted series for

worker-type employment, and let xyq denote the benchmarked quarterly estimate. We

apply Denton-Cholette temporal disaggregation using Iyq as the high-frequency indica-

tor and the corresponding annual ILPA benchmark X ILPA
y as the low-frequency constraint.

Operationally, this is implemented using the tempdisagg package (Sax and Steiner, 2013)

with method = "denton-cholette" and conversion = "mean", so that quarterly es-

timates preserve the movement in the Kalman-smoothed indicator while remaining con-
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sistent with annual benchmark values. The binding low-frequency constraint is therefore

1

4

4

q=1

xyq = X ILPA
y , (B.6)

∑
not a four-quarter sum constraint.

In the main product-based benchmarking path, Denton-Cholette is applied to additive

quantities rather than only to component averages. Specifically, we benchmark E, EH,

EW , and EHWC to their corresponding annual ILPA marginal means, where EH =∑ ∑ ∑
EH, EW = EW , and EHWC = EHWC are constructed as sum-of-products

at the underlying cell level. On the quarterly side, the high-frequency indicators for these

products are constructed by multiplying the corresponding component indicators together

prior to benchmarking, IEH = IE × IH and analogously for EW and EHWC. Here IE,

IH , IW , and IC are the component indicator series defined above, one per variable with the

time subscripts suppressed. IE is Kalman-smoothed except for the worker-type marginal,

where the seasonally adjusted series enters directly, and IH , IW , and IC are Kalman-

smoothed throughout. The products themselves are never run through the Kalman filter.

This construction keeps the component recovery below well behaved. Because the same

employment indicator enters both the benchmarked product and benchmarked employ-

ment, dividing one by the other cancels the common employment factor, and the recovered

rates inherit the smoothness of the rate indicators. The component variables are then re-

covered as:

Hq =
(EH)q
Eq

, Wq =
(EW )q
Eq

, Cq =
(EHWC)q
EqHqWq

. (B.7)

This product-based benchmarking preserves the accounting identities by construction,

while the Kalman-smoothed quarterly series governs the within-year movement of the

benchmarked path.

When any step of this path fails for a series, the pipeline falls back conservatively, bench-

marking the available component variables individually or retaining the prior stage’s series,

and logs the case for diagnostic review.
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B.3.5. Stage 2: Quarterly Proportional CPS Adjustment

Following Stage 1 Denton-Cholette benchmarking, Stage 2 applies a second calibration

step that aligns quarterly employment marginals to aggregate CPS data. This step ensures

that the sum of employment across each marginal vector matches that vector’s seasonally

adjusted CPS employment aggregate, constructed within the pipeline by X-13 adjustment

of the vector’s own CPS tabulations.

Let ECPS
s,q denote the seasonally adjusted CPS employment aggregate for marginal vector

s in quarter q, computed within the pipeline as the sum of the vector’s X-13-adjusted cell

indicators, and let Ẽm,q denote the Denton-benchmarked employment of cell m within

marginal vector s. Because Stage 2 precedes the IPF module, the detailed worker-type-by-

industry array does not yet exist. The scaling operates on each marginal vector separately.

A proportional scaling factor is computed as:

λs,q =
ECPS

s,q∑
m∈s Ẽm,q

. (B.8)

Employment for each marginal cell is then scaled by this factor:

Em,q = λs,q · Ẽm,q. (B.9)

This adjustment ensures that quarterly employment marginals reflect CPS aggregate em-

ployment levels while preserving the relative distribution of employment across worker-type

and industry groups within each quarter. The tradeoff is that, because scaling is applied

after Denton-Cholette benchmarking, the adjusted quarterly employment series does not

aggregate exactly back to the preadjustment annual ILPA employment means. Quantita-

tively, the wedge is computed for each year of 2003-2024 as the percentage deviation of the

annual mean of the CPS-aligned quarterly aggregate employment from the corresponding

ILPA total employment. It averages −5.3 percent, ranging from −4.3 to −6.4 percent.

The year-to-year change in the wedge averages 0.3 percentage point, so the within-year

shape carried forward is essentially unaffected. The wedge is confined to this intermediate
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stage. The annual cell-level alignment applied after IPF (Appendix B.5) restores ILPA

annual consistency in the final detailed data. The scaling is applied only to employment

(E). Hours (H), weeks (W ), and compensation (C) retain their Denton-benchmarked

values from the prior step, so the multiplicative identities are maintained using the scaled

employment component and the unchanged hours, weeks, and compensation components.

B.4. Distribution Matching via IPF

After quarterly marginal series are established through seasonal adjustment, Kalman

smoothing, and Denton-Cholette benchmarking, the annual ILPA cell distribution is ad-

justed to the quarterly marginals using a sequence of IPF procedures.

Marginal harmonization.Two preparatory steps make the five vectors’ targets mutually con-

sistent before any IPF pass. First, each quarter’s employment totals for the industry,

class-by-sector, education-by-sector, and sex-by-sector vectors are iteratively rescaled to

equal the worker-type vector’s total (tolerance 10−5). One-shot analogues align the EH,

EW , and EHWC marginals to totals derived from the same worker-type reference. Sec-

ond, for every product, the education-by-sector and sex-by-sector targets are reconciled

by two-dimensional IPF (tolerance 10−4, up to 500 iterations) to education and sex con-

trols computed from the worker-type vector and to sector controls computed from the

industry vector via the industry-to-sector mapping, and are then rescaled to the industry-

derived grand total. The class-by-sector targets are scaled sector-by-sector to the same

controls. The worker-type and industry vectors thus serve as the level authorities for the

demographic and sector dimensions, respectively. Without this harmonization the five

separately smoothed and benchmarked vectors would present the IPF loop with mutu-

ally inconsistent targets. The reconciliation itself then proceeds product by product, as

described below.

B.4.1. Two-Dimensional RAS as an IPF Special Case

In two dimensions, the RAS algorithm, a special case of IPF, adjusts a matrix Xseed

to satisfy specified row and column sums through sequential (alternating) proportional

scaling. Within each iteration, rows are scaled first, and columns are then scaled using

the already row-updated values:



33

X
(n+ 1

2
)

ij = X
(n)
ij · ri∑

j′ X
(n)
ij′

(B.10)

X
(n+1)
ij = X

(n+ 1
2
)
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2
)

i′j

(B.11)

The algorithm converges when row and column totals satisfy:∑
j

Xij = ri ∀i (B.12)∑
i

Xij = cj ∀j (B.13)

within a specified tolerance.

B.4.2. Multivariate Application

The IPF adjustment operates over a five-dimensional structural array indexed by industry

(63 groups), sex (2), age (8), education (6), and class-of-worker (2). The youngest age

group, ages 1-15, is retained in this structural array but is zeroed out before labor input

aggregation, leaving 168 active worker types. Within each iteration, five sequential scaling

passes are applied in the following order:

1. Scale to match demographic marginals (education × age × sex)

2. Scale to match industry marginals

3. Scale to match class-of-worker × sector marginals

4. Scale to match education × sector marginals

5. Scale to match sex × sector marginals

Each pass applies the sequential proportional sweep described in the preceding subsection

across the relevant dimensions, leaving all other dimensions unchanged. For example, the
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industry scaling in step 2 computes, for each industry i:

X
(∗)
g,i = Xg,i ·

Etarget
i∑
g Xg,i

, (B.14)

where Etarget
i is the quarterly industry marginal from the state space smoothing step. For

E and EH, all five passes are repeated until the applicable constraints are satisfied within

a tolerance of 10−4. For EW and EHWC, only the worker-type, education-by-sector,

and sex-by-sector passes are binding inside the iterative loop. Industry and class-by-sector

controls are pre-reconciled but not repeatedly imposed.

B.4.3. Multiplicative Decomposition for H, W, and C

IPF is applied sequentially to employment and to composite quantities. The first pass

reconciles employment (E). The second pass reconciles employment-hours (EH), con-

structed using the IPF-adjusted employment base and the quarterly hours information

from the smoothed marginal series. The third pass reconciles employment-weeks (EW )

analogously. The fourth pass reconciles total labor compensation (EHWC), using the

IPF-adjusted employment, implied hours, implied weeks, and hourly compensation infor-

mation. After each composite IPF pass, the corresponding per-worker quantity is recovered

as an implied ratio:

Hg,i =
(EH)g,i
Eg,i

(B.15)

Wg,i =
(EW )g,i
Eg,i

(B.16)

Cg,i =
(EHWC)g,i
Eg,iHg,iWg,i

. (B.17)

This sequence preserves the E ×H ×W × C accounting identity by construction. Em-

ployment is first reconciled directly, hours and weeks are recovered from IPF-balanced

product totals, and compensation is recovered from the reconciled total labor compensa-
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tion aggregate relative to the implied EHW base.

For the EW and EHWC passes, the iterative loop actively enforces only constraints 1

(education × age × sex), 4 (education × sector), and 5 (sex × sector). This reflects

the lower cell-level sample counts for weeks and compensation in the CPS microdata at

fine industry and class-of-worker breakdowns. The IPF adjustment reconciles the detailed

distribution to the applicable quarterly targets while preserving the worker-type structure

of the annual ILPA seed.

B.5. Annual Cell-Level Alignment

After IPF, a final calibration aligns the detailed cells to the annual ILPA account. For

each variable, the four quarterly IPF results for a year are loaded and, for every detailed

worker-type-by-industry cell, the quarterly values are averaged, matching the annual-mean

convention of the Denton stage. A single scale factor per cell and year is computed as

the ratio of the ILPA cell benchmark to this quarterly average and applied to all four

quarters, so within-year movement is preserved exactly while the cell’s annual mean is

restored to the benchmark. Edge cases are handled conservatively. Cells with missing

data, or with zero in both the quarterly average and the benchmark, are left unchanged.

Cells with a zero quarterly average but a positive benchmark are left at zero, since all four

quarters are zero in that case. The proportional factor is undefined there, and rather than

invent a within-year shape, the alignment leaves those cell-year benchmarks unmet. Cells

with positive quarterly values but a zero benchmark are forced to zero. Employment is

aligned to the ILPA employment cell benchmark and validated to reproduce it to within

10−3. Hours and weeks are aligned to employment-weighted benchmark analogues, and

hourly compensation to an employment-hours-weeks-weighted analogue, consistent with

the aggregation conventions of Section 3. All labor-composition results in the paper are

computed from the aligned cells.

B.6. Implementation Notes

This subsection documents implementation choices that the algorithm makes for numerical

stability and data quality, beyond the core methodology described above.
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B.6.1. Zero Handling for Cell-Level Series

Quarterly CPS marginal series contain frequent zeros from sparse marginal cells (for ex-

ample, thin education-by-sector crosses), and these zeros require different treatment de-

pending on the variable. For employment (E), all zeros are replaced by 10−9 before log

transformation, treating them as sparse but nonmissing cells. For hours (H), weeks (W ),

and compensation (C), runs of two or more consecutive zeros are treated as genuine miss-

ing periods and set to NA, while isolated single zeros are treated as sparse observations

and set to 10−9. This differentiation avoids the alternative of either (a) converting all

zeros to 10−9, which creates implausibly large negative log values for W , H, and C, or

(b) converting all zeros to NA, which discards sparse-but-valid observations and inflates

state-space variance estimates.

B.6.2. Class-2 Imputation for W and C in the Class-by-Sector Marginal

The CPS earner study does not collect weekly earnings or weeks worked for the self-

employed, so weeks worked per year (W ) and hourly compensation (C) are unavailable

for the self-employed class. Government employees are part of the wage-and-salary class,

and their reported earnings are used directly. For the class-by-sector marginal, we impute

the self-employed class’s values of W and C from the wage-and-salary class within the

same sector and quarter before applying the seasonal adjustment, Kalman smoothing, and

Denton-Cholette pipeline. This ensures the pipeline operates on realistic non-zero values

rather than artifacts of CPS coverage.

A second, cell-level imputation occurs in the labor-composition calculation itself. After the

annual alignment, each self-employed cell’s hourly compensation and weeks are replaced

with the wage-and-salary values from the same industry × age × education × sex cell

before the Törnqvist compensation shares are computed. Because the CPS collects no

earnings information for the self-employed, the pipeline-implied values for these cells derive

entirely from the marginal-level imputation above. The cell-level replacement makes the

treatment explicit and uniform at the level where cost shares are formed.

B.6.3. Physical-Range Clamping

Pipeline outputs are clamped to physically valid ranges to prevent occasional numerical

divergence of the Kalman smoother on sparse cells from corrupting downstream estimates.

The ranges are weeks per year W ∈ [0, 52], hours per week H ∈ [0, 168], employment
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E ≥ 0, and compensation C ≥ 0.

B.6.4. Annual Employment Interpolation for the IPF Seed

The IPF algorithm requires a seed matrix describing the worker-type-by-industry cell dis-

tribution. We use the annual ILPA cell counts as the seed but linearly interpolate adjacent

annual values to obtain a quarterly-appropriate seed. Treating each annual value as cen-

tered on the year’s midpoint, Q1 receives 0.375 weight from the previous year and 0.625

from the current year, Q2 receives 0.125 from the previous year and 0.875 from the cur-

rent year, and Q3 and Q4 mirror these weights with the next year. This interpolation

prevents discrete year-boundary jumps in the IPF seed that would otherwise propagate to

the quarterly cell distributions.
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