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US employment is a key indicator for financial markets and monetary policy, yet frequent
and sizeable revisions make real-time assessment difficult. In this paper we develop a com-
prehensive framework for interpreting and nowcasting US labour market conditions, building
on factor-model approaches to economic activity. We make three distinct contributions.
Our first contribution is the construction of a real-time employment vintage database. We
harmonise the three principal US employment sources and link them to a wide range of
auziliary indicators. The database preserves revision histories and enables a consistent
comparison of vintages across surveys. Our second contribution is a factor-based model
designed to handle revision uncertainty explicitly, while incorporating information from
indicators spanning labour demand, labour supply, and slower-moving structural forces
such as migration. The model delivers conditional projections of payrolls and the breakeven
rate, and treats short- and long-horizon revisions in a consistent manner. Qur third contri-
bution is a set of empirical applications: estimating the US employment breakeven rate,
automatic annual benchmarking, and addressing data blindspots. We estimate the current
US employment breakeven at just under 100k jobs per month; expect roughly half of the
inatial QCEW benchmark revision to persist in the final data; and show that the recent
federal government shutdown did not prevent reliable inference, owing to the availability of
private-sector indicators. Based on initial vintages, we estimate a modest further softening
in labour market conditions for the remainder of the year, with the US unemployment
rate rising to 4.5% and flat payroll growth, in the initial vintages, and closer to 30k after

benchmarking.

US employment is a critical indicator for both finan-
cial markets and policymakers, yet it suffers from
well-documented shortcomings, including frequent,

) )'

As a result, no single indicator provides a reliable

substantial, and persistent revisions (

or timely measure of underlying labour market con-
ditions. Although previous research has examined

labour market news and data revisions separately,

a comprehensive framework that unifies the two

remains underdeveloped.

This paper addresses that gap by proposing a
comprehensive framework for understanding and
nowcasting US labour market conditions. Build-
ing on established approaches to activity nowcast-
ing using factor models ( , ,

), we adapt and extend these methods to em-

ployment, providing a coherent structure for inter-
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preting labour market developments in real time.
The framework is particularly relevant in the cur-
rent policy environment, characterised by the Fed-
eral Open Market Committee’s renewed focus on
the full-employment side of its mandate, reduced
reliability of official data releases, and the recent
US federal government shutdown, which delayed
both data collection and dissemination. Together,
these factors underscore the importance of a sys-
tematic, model-based approach to monitoring US

employment in real-time.

Three challenges motivate our approach. Firstly,
measurement error is pervasive, as the primary
survey-based indicators, including non-farm payrolls
and the household survey, are subject to substantial
and systematic revisions. To address this, we explic-
itly incorporate revision uncertainty in a tractable
manner, allowing uncertainty to rise naturally for
earlier data vintages. This facilitates the extraction
of underlying measures of labour market conditions
which are robust to short-term noise statistical noise

and measurement error.

Second, the abundance of available labour mar-
ket indicators makes inference difficult. Our frame-
work integrates a broad range of indicators that in-
form both labour demand and supply, allowing the
informational weights to adjust flexibly as new data
arrive. This enables the model to isolate trend and
cyclical components in employment while balancing

the trade-off between timeliness and precision.

Third, structural forces, most notably migration,
affect the level of employment but evolve more slowly
than the cycle. We extend the framework to incor-
porate these factors, allowing for conditional fore-
casting exercises in which alternative assumptions
about migration or other structural drivers imply
different paths for employment and the breakeven

rate.

The framework jointly models short-horizon
(monthly) and long-horizon (annual) revisions, en-

suring a consistent treatment of uncertainty over

time and across surveys. It also accommodates
periods when official reports are unavailable, but
related private-sector indicators are observable, such
as during government shutdowns, allowing labour
market assessments to remain up to date. As a
result, real-time updates can be produced immedi-
ately following new releases, yielding a continuously

updated assessment of labour market conditions.

Our contributions are threefold. First, we con-
struct a real-time employment vintage database, har-
monising the three principal US employment sources,
the Current Employment Statistics (CES), the Cur-
rent Population Survey (CPS) and the Quarterly
Census of Employment and Wages (QCEW). We
link these to a broad set of auxiliary indicators. This
includes harmonising definitions through time and
preserving full revision histories, allowing consistent

vintage comparison across surveys.

Second, we develop a factor-based model that
treats revision uncertainty explicitly and pools in-
formation from indicators spanning labour demand,
labour supply, and structural drivers such as migra-
tion. We implement a two-factor structure in which
employment is decomposed into a slow-moving struc-
tural trend and a cyclical component. The model
produces conditional projections of payrolls and the
breakeven rate, and treats short- and long-horizon

revisions in a consistent way.

Third, we present three applications: estimation
of the US employment breakeven rate; automatic an-
nual benchmarking; and addressing data blindspots.
We define the current US employment breakeven
as a natural corollary of the modelling environment
and, after accounting for the slowdown in net mi-
gration between 2024 and 2025, estimate this is
currently running just under 100k jobs per month.
This breakeven level is consistent with alternative
estimates and the evolution of the unemployment
rate and other cyclical conditions this year. We find
that roughly half of the initial QCEW benchmark
gap is expected to persist in the final data, sub-
stantially less suggested by early benchmark models
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( ). Finally, we show that
the recent federal government shutdown did not im-
pair real-time inference, owing to the availability of
private-sector indicators. Based on initial vintages,
we estimate a modest further softening in labour
market conditions for the remainder of the year,
with the US unemployment rate rising to 4.5% and
flat payroll growth, in initial vintages, and around
40k per month after benchmarking. Together, these
applications demonstrate the framework’s ability to
deliver timely and internally consistent assessments
of US employment, even in the absence of official
data.

The literature directly addressing the joint treatment
of US employment surveys and their measurement
properties remains relatively limited. A number of
studies have examined the statistical relationships
across employment indicators, often at the state
level, or have compared the Current Employment
Statistics (CES) and Current Population Survey
(CPS) measures of employment. Earlier work, for
instance, explores discrepancies between the CES
and CPS during cyclical turning points, such as the
post-2001 recovery (W, ). Other contributions
include labour market quantities within broader fac-
tor models of economic activity

(2017,

sector employment data to augment official statistics

( , 2022,

assist with early detection of turning points, partic-

). More recent work has also used private
) and shown that this can

ularly when incorporating higher-frequency weekly
data ( , ).

The closest contribution is ( ),
who combine CES and CPS data to estimate an
underlying employment factor. However, their ap-
proach places minimal weight on the CPS and
assumes that all measurement errors are non-
stochastic white noise. This contrasts with empiri-
cal evidence showing that revision processes in both

surveys are serially correlated and themselves in-

formative. Moreover, ( ) do not
incorporate the long-run co-integrating relationship
between the CES and the Quarterly Census of Em-
ployment and Wages (QCEW), which arises from
the annual benchmarking procedure. Our frame-
work instead models these revision dynamics and
long-run linkages directly, allowing us to extract a

more accurate measure of underlying employment.

We also build on the literature on data revision

models (e.g., , , ,b;

, ) and from studies examining

breakeven concepts and equilibrium labour market
conditions (e.g., , ; , ;

). Together, these strands of research inform
our approach but have not been previously unified
within a single framework for nowcasting quantities
in the US labour market.

This section describes the data used in the construc-
tion of our US labour market nowcast. We use
three primary sources of employment information:
the Quarterly Census of Employment and Wages
(QCEW), the Current Employment Statistics (CES)
survey, and the Current Population Survey (CPS).

The QCEW is a comprehensive administrative
dataset providing near-universal coverage of US es-
tablishments, encompassing approximately 10 mil-
lion work sites. It serves as the benchmark for
employment levels and is widely regarded as the
most accurate measure of total employment. By
contrast, the CES and CPS are survey-based mea-
sures released as part of the monthly employment
report. The CES samples around 666,000 work sites
(approximately 144,000 firms) to estimate payroll
employment, while the CPS surveys roughly 60,000

households to capture individual labour force status.

As shown in Figure |, the three employment
series share a common long-term trend, consistent
with co-integration across datasets (panel a), and

trace the evolution of aggregate US employment over
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time. The discrepancies between series, or wedges
(shown in panel b), reflect both sampling variability
and conceptual differences in measurement.’ The
QCEW and CES measure employment at the estab-
lishment level, whereas the CPS captures the labour
force status of individuals. Although the magnitude
of these wedges has varied over time, they have
tended to persist, partly due to definitional differ-
ences. For example the CES covers nonfarm payrolls
while the QCEW includes all employment. The CES
is periodically benchmarked to administrative data
from the QCEW, whereas the QCEW itself is not

subject to benchmarking revisions.

Across all three datasets, short-term volatility
at the monthly frequency is substantial (Figure |,
panels ¢ and d). The QCEW and CPS display
the highest volatility, with standard deviations of
monthly changes exceeding their mean, while the
CES is comparatively more stable but still notably
noisy. As a result, empirical analyses typically focus
on medium-term changes, over 3- or 12-month hori-
zons, to abstract from high-frequency fluctuations.
Smoothing over these intervals yields considerably
greater stability.

Revisions to the survey-based measures are large
and systematic (Table ). The CES, in particular, is
typically revised upward, with final monthly change
in non-farm payroll employment increasing by an av-
erage of roughly 17,000 relative to the initial vintage.
These revision patterns underscore the importance
of accounting for data uncertainty when interpreting

short-term movements in employment.

Finally, survey response rates have declined
markedly over the past two decades, with a par-
ticularly sharp deterioration since the Covid-19 pan-
demic (Figure |, panel e). In the most recent data,
response rates for the CES have fallen from around
60% to roughly 45%. Over the same period the
CPS response rates have fallen from around 90%
to roughly 70%. The CPS continues to achieve

the higher level of participation among the two,
while the CES has experienced the steepest and
most persistent decline, with little evidence of recov-
ery. For comparison, the UK’s Labour Force Survey
has faced similar challenges, with response rates
dropping sharply in recent years despite renewed
). In the

US context, the sustained decline in response rates

efforts to restore coverage ( )

has drawn increasing scrutiny (
, ), given its implications for data reli-
ability, benchmark revisions, and the interpretation

of near-term labour market developments.

The following subsections discuss each dataset in
turn, highlighting their specific properties, sources
of revision, and implications for modelling US labour

market dynamics.

The Quarterly Census of Employment and Wages
(QCEW) provides a comprehensive administrative
measure of US employment and wages. Its origins
date to the Social Security Act of 1935, which es-
tablished the requirement for employers covered by
unemployment insurance (UI) programs to report
employment and wage data to state agencies. Ear-
lier iterations of the series were published under the
titles “Quarterly Employment and Wages” (QEW)
and “ES-202”. The QCEW thus constitutes the
most detailed source of establishment-level employ-
ment information available for the United States,
covering the universe of employers subject to Ul

taxation.

Historical QCEW data are available from the
Bureau of Labor Statistics (BLS) and Haver Ana-
lytics until 1994 and were extended backward using
archival information contained in annual BLS re-
ports on unemployment insurance coverage. The
differing vintages are displayed in Figure 2. The
resulting series provides a consistent measure of em-

ployment from the 1930s to the present. Several

1We do not discuss the private-sector employment series produced by Automatic Data Processing (ADP) here. In that case,
the wedge relative to other measures is larger, primarily due to the exclusion of government employees.
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Figure 1: US EMPLOYMENT
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Sources and Notes: Fulcrum Asset Management LLP, BLS and Haver Analytics. Figure shows level and change in US
employment according to alternative measures. QCEW uses the definitional adjustments as discussed in the main text. CPS
and CES are unadjusted data. December 11, 2025.
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Table 1: CES and CPS Summary Statistics

Establishment Survey (CES) Household Survey (CPS)

A. By Vintage AECES  AECFS  AECES AESES  AEBEPS  AECES  AECSHS AECES
Initial Second Third Benchmark  Latest Initial Benchmark Latest
Mean 120 125 136 137 139 125 125 131
Std. Dev. 190 197 202 196 196 350 316 304
Normalised 0.63 0.63 0.68 0.70 0.71 0.36 0.40 0.43
B. By Time Period 1 Month 3 Months 12 Months 1 Month 3 Months 12 Months
Mean 140 139 139 133 133 132
Std. Dev. 198 173 151 304 191 135
Normalised 0.71 0.81 0.92 0.44 0.70 0.98

Sources and Notes: Fulcrum Asset Management LLP. Table shows average monthly change in employment, in thousands,
across alternative vintages (in panel A) and time period (in panel B) as published by the BEA. In panel A changes are single
month. In panel B the latest vintages are used. Data from February 1961 until December 2019. Std. Dev. is the standard
deviation while normalised values take the ratio of the average to the standard deviation. December 11, 2025.

major expansions in Ul coverage, implemented in
January 1956, January 1972, and January 1978, in-
troduce discontinuities in the level of employment
recorded in the administrative data. To address
these, the series was normalised around these dates
as well as the end of these quarters to remove me-
chanical increases in coverage which may enter di-
rectly or only as firms report at the quarter-end.
This process ensures a consistent definition of em-

ployment across the historical sample.

To enhance comparability with the CES survey
of non-farm payrolls, agricultural employment was
excluded from the reconstructed QCEW series, while
logging employment was retained, consistent with
the CES definition. In addition, because the avail-
able administrative data are not seasonally adjusted,
the series was seasonally adjusted prior to analysis
to mitigate the influence of regular intra-annual vari-
ation. The final series is shown as a thick black

line in Figure

Although the formal benchmarking of the CES
to the QCEW began in 1982, the QCEW and its
predecessors were used in a more limited, sector-
specific benchmark process as early as the 1940s.
Consequently, while the extended series provides
valuable historical context, it should be interpreted
with caution prior to the institutionalisation of the

benchmarking process in the 1980s.

The Current Employment Statistics (CES) program
is a monthly survey of businesses that measures
employment, hours, and earning and is commonly
referred to as non-farm payrolls. It is the most
widely cited indicator of US employment and, con-
sequently, we will align employment definitions to
be consistent with the CES.

CES data are subject to multiple rounds of revi-
sion. This process, and our notation, are outlined in
Figure 3. In the months immediately following each
release, t + 2, t 4+ 3, revisions primarily reflect the in-
corporation of late survey responses. Establishments
are permitted to submit their reports for up to three
months after the initial collection period, so the first
three vintages of any given release, denoted ESFS,
E,?ES and EthES respectively, successively incorpo-
rate additional firm-level information as it becomes
available. These short-term revisions therefore cap-
ture improvements in survey completeness rather

than methodological changes.

In addition to these near-term updates, the CES
undergoes an annual benchmarking process designed
to align survey-based estimates with the more com-
prehensive administrative data from the QCEW.
This we denote as Egﬁs and Eggs. This benchmark-
ing exercise typically occurs each February, alongside

the release of the January Employment Situation
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Figure 2: QCEW VINTAGES
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Figure 3: NOTATION AND CURRENT EMPLOYMENT STATISTICS REVISIONS PROCESS
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Sources and Notes: Fulcrum Asset Management LLP. Figure shows a graphical representation of the vintage structure in the
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data in January, February and March do not undergo a second benchmark revision. Text within circles represents the release
dates. December 11, 2025.
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Report, and revises the level of employment in the
March vintage of the previous year. The procedure
ensures that the CES remains consistent with the
universe of employment covered by unemployment
insurance records, though it can result in substantial
revisions to previously published estimates. Dur-
ing the summer the BLS announces a preliminary

estimate for the scale of this benchmarking revision.

The maturity of any given CES vintage there-
fore depends on the time elapsed since the initial
release. The first vintage is published one month
after the reference period, followed by second and
third vintages over the subsequent two months as
additional responses are incorporated. Only after
the annual benchmarking are the data considered

final for that year.

The revision process can also be illustrated graph-
ically using data vintage matrices. Figure /| depicts
how successive CES vintages evolve over time. This
Figure should be read horizontally, from left to right.
Fixing a particular reference period date on the y-
axis, each monthly release of CES data is typically
revised twice in the following two months as addi-
tional survey responses are incorporated. Moving
horizontally this is depicted in the diagram as a
dots to the

Subsequently, and po-

movement from the
dots, as in Figure
tentially after a significant delay, the series remains
unchanged until the next annual benchmarking exer-
cise, at which point broader adjustments are applied
to align the data with administrative sources. This
is depicted in the Figure as the grey dots (for the
first benchmarking) and black dots (for the sec-
ond benchmarking). In contrast, the CPS does not
undergo interim revisions. Instead, all benchmark
revisions to the CPS are implemented simultane-
ously, with adjustments to the level of employment
introduced in a single month as part of the annual

revision cycle.

The revision process can also be illustrated using
data vintage matrices. Figure | traces the evolution

of successive CES releases over time. The figure is

read horizontally. For any given reference month
on the y-axis, each initial CES estimate is typically
revised twice over the following two releases as addi-
tional survey returns are incorporated. Horizontally,
this corresponds to the movement from the

to the

movement in Figure 3). Thereafter, the employment

dots (consistent wit the

estimate generally remains unchanged until the next
annual benchmarking exercise, when broader ad-
justments are made to reconcile the survey with
administrative records. In the figure, these bench-
(first benchmark)

and black (second benchmark) dots. In contrast,

mark updates appear as the

the CPS does not receive interim revisions. All
benchmark adjustments are implemented at once,
with level shifts introduced in a single month as part

of the annual revision cycle.

This release structure is analytically useful be-
cause it imposes a natural hierarchy on the precision
of the data. Early vintages of the CES contain
greater measurement error, as they rely on incom-
plete survey responses, whereas subsequent vintages
incorporate additional information and therefore
exhibit reduced noise. The benchmarked data, pro-
duced after reconciliation with unemployment insur-
ance records, provide the most accurate represen-
tation of underlying employment and serve as the
closest available approximation to the true level of

non-farm payroll employment.
2.2.1 The Benchmarking Process

Each February, the BLS benchmarks the CES em-
ployment level to the QCEW and other auxiliary
administrative sources. The benchmarking is per-
formed in non-seasonally adjusted (NSA) so that
the benchmarked CES March level coincides with
the corresponding QCEW level on a consistent defi-
nition. The resulting difference between the March
QCEW level and the pre-benchmarked CES March
sample estimates is then distributed linearly across
the preceding eleven months using a “wedge-back”

procedure ( ) )-



US EMPLOYMENT: BREAKEVENS, BENCHMARKING AND BLINDSPOTS FULCRUM

Figure 4: CES AND CPS VINTAGE MATRICIES
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US EMPLOYMENT: BREAKEVENS, BENCHMARKING AND BLINDSPOTS

FULCRUM

Formally, if EggA’CES

latest (typically third) monthly vintage of the NSA
CES level for March of year s and EYS4QCEW yep.
resents the NSA QCEW level for the same March,

then the benchmark difference may be defined as:

denotes the initially published

NSA,CES
Wy = E}g\TSA,QCEW _ Es’g (1)
This wedge reflects the difference between the pre-

benchmark CES level and the benchmark-consistent
QCEW level.

The benchmark wedge, wy is then distributed
linearly across the preceding eleven months using
the “wedge-back” procedure by adding a linear frac-
tion to each month. The adjustment to the NSA
CES level for month s — k, with £k =0,1,...,11 is:

12—k
12

NSA,CES NSA,CES __
Esfk,b - Esfk,B -

(2)

Ws

This ensures the March level, corresponding to k = 0,
is fully aligned, and the sum of the level adjustments
over the twelve months is qeual to the size of the

wedge itself:

11

Z 22k, = w, (3)
k=0

This adjustment smooths the level shift introduced
by benchmarking, effectively spreading one-twelfth
of the total revision over each of the prior eleven

months.

As focus will often be on the change in employ-
ment, it is useful to express the corresponding ad-
justment to the change in CES employment as:

NSA, CES __ NSA, CES
AEs—lf,bl - AEs—k,fi

(4)

1
+ ﬁwsfk,

where A denotes a one period, monthly, change.

This process introduces a predictable mechan-
ical pattern of serial correlation in measurement
error, as revisions in one month are mechanically
linked to revisions in adjacent months with a de-
terministic backward propagation. Accounting for

this feature is essential when modelling underlying

10

employment, as it allows more accurate inference
about the true level of payroll employment. The
NSA growth rates of months after the benchmarking
date are left unaffected although seasonal factors
are also simultaneously re-estimated over a five-year

window.

The final principal employment series is the Current
Population Survey (CPS), commonly referred to
as the household survey. Unlike the establishment-
based CES, the CPS is revised only once per year,
when updated population controls are introduced fol-
lowing decennial or intercensal adjustments. Each
February, these revised controls are incorporated
into the January estimates, with the entire level
change applied to that month ( , ).
Consequently, monthly CPS estimates, including
the unemployment rate, remain unrevised for the
remainder of the year. This situation is displayed
in Figure 4, panel b.

To ensure definitional comparability and har-
monisation with the CES, the CPS requires several
adjustments. Specifically, we remove agricultural
workers, the unincorporated self-employed, unpaid
family workers, and those on unpaid leave, while
adding multiple jobholders. This aligns the CPS
concept of employed persons with the CES concept
of jobs. The BLS Research Series on Household Em-
ployment provides a smoothed, seasonally adjusted
version of this adjusted CPS series, eliminating the
discrete January level shifts associated with the an-
nual population updates. ( )
provide an alternative method of smoothing these

changes.

The BLS Research Series begins in January 1994,
coinciding with the availability of data on multi-
ple job holders. For earlier years, we follow BLS
guidance in using the household survey measure of
non-agricultural wage and salary employment as
the closest proxy. This yields a consistent histori-

cal series, allowing for direct comparison across the
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CPS, CES, and QCEW. The adjustment method
originally developed by the BLS ( , ),
though discontinued, continues to be implemented

in the Haver Analytics database.

In addition to the consistently defined measures of
employment, we incorporate several auxiliary indi-
cators intended to capture the cyclical dynamics of
US labour market activity. These include the em-
ployment subcomponents of the Institute for Supply
Management (ISM) surveys, key elements from the
Job Openings and Labor Turnover Survey (JOLTS)
such as the quits rate and vacancy rate, and initial
claims for unemployment insurance, aggregated to
a monthly frequency. We gather real-time vintages
from ALFRED whenever available.

The initial claims data are further adjusted to
address reporting gaps associated with recent federal
government shutdowns. In the most recent weeks
of the sample, not all states have reported claims
data. Following the Haver Analytics methodology,
we employ a bottom-up estimate that aggregates
reported states and imputes values for non-reporting
states by assuming constant levels relative to the
latest available data. This adjustment ensures that
the series remains timely and internally consistent

even during temporary disruptions.

In addition, payroll employment data from the
private sector firm Automatic Data Processing
(ADP) is used to inform both the trend and cyclical
components of employment. We extend this series
back to 2001, beyond the commonly available post-
2010 vintages, by incorporating historical vintages
obtained from ALFRED.

Revisions to employment data are generally posi-

tive, particularly for the CES series, as shown in

11

Figure 5, panel a. On average, the monthly change
in non-farm payrolls is revised upward by between
15,000 and 20,000 relative to the initial release. This
difference is both economically and statistically sig-
nificant over the full sample. These upward revisions
primarily reflect the incorporation of late survey re-
sponses and the effects of annual benchmarking.
Since 2019, the magnitude of these revisions has
moderated somewhat, although benchmark adjust-
ments continue to produce large positive level shifts.
By contrast, the household survey (CPS) exhibits
no systematic bias, shown in panel b, with mean
changes across vintages statistically indistinguish-

able from zero.

Contrary to common perception, revisions do not
exhibit a consistent monthly pattern, as no single
month is systematically associated with stronger or
weaker employment reports of meaningful statistical
significance. Across the twelve calendar months,
average revisions fluctuate around zero, with most
confidence intervals encompassing the null, as shown
in Figure 5, panels ¢ and d. A modest tendency
toward downward revisions in mid-year months is
observable but not statistically robust. Overall, the
evidence suggests that monthly variation in revisions

is largely idiosyncratic rather than seasonal.

CES employment data revisions exhibit mild serial
correlation, as shown in Figure 5, panel e. Positive
revisions in a given month are often accompanied
by upward revisions to adjacent months within the
same data vintage, suggesting that information in-
corporated in later releases tends to shift several

months of data in the same direction.
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Figure 5: CES AND CPS REVISION STATISTICS
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To formalise the relationship between our US em-
ployment series, we initially define the QCEW as
the reference, or “true” series. Given its compre-
hensive administrative coverage and its use as the
target of the CES benchmarking process, it pro-
vides the best available approximation to the true
level of employment. Conceptually, the QCEW com-
bines a long-run trend in employment with a cyclical
component reflecting fluctuations in labour market
activity.

The post-benchmark CES series is aligned to the
QCEW each year through the benchmarking proce-
. After this adjustment,
the CES can be regarded as a noisy proxy for the

dure described in Section

QCEW, differing by a time-varying wedge which cap-
tures residual discrepancies between the two sources.
This wedge, denoted w;, may reflect definitional dif-
ferences, incomplete coverage, or other persistent

sources of measurement error.

The first-, second-, and third-release vintages of
CES employment incorporate additional sampling
and non-response errors, denoted 7 3, ¢ 4 and 7 5
respectively. These idiosyncratic errors are progres-
sively eliminated following sequential data revisions.
The CPS, after our adjustments to smooth and align
with the CES definition described in Section

treated as another noisy measure of the same under-

, is

lying employment concept with it’s own measure-
ment error, 7; . This measurement error is assumed
to be independent of the CES sampling process but
shares the same definitional wedge due to our steps
towards data harmonisation. As discussed in sec-
tion 2, due to the small differences between series
as a result of the second CES benchmarking pro-
cess and revisions in the CPS series these vintage
formulations are abstracted from. The model could
easily be extended to incorporate these sources of

uncertainty.

Finally, the level of payroll employment from the

private sector Automatic Data Processing (ADP)
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services company is also assumed to track the true
underlying level of employment. As ADP bench-
mark their series to ensure consistency with the
CES this too is presumed to share a common time-
varying wedge, w;, alongside it’s own definitional

discrepancy and measurement error, 7 7.

Together, these relationships imply the following

system of observation equations:

B = BT 1 £, <
EJE® = Ef + Ef + wy, (
EtCBES :EtT‘f'EtC‘Fwt-i-ﬁt,:&, (7
Ef5° = BN + BY 4w+ s + e, (
ETS = EF + ES + wy + s + e + s, (

EYS = Ef + E7 4w + s,
E{YY = Ef + B +wi + 7,
where E;l denotes the unobserved “trend” compo-
nent of employment, EF the unobserved “cyclical”
component. w; denotes the persistent wedge be-
tween the level of employment in the CES, CPS and

ADP surveys with the QCEW, and 1, ; represent

survey and vintage-specific persistent measurement

errors.

To improve identification of the cyclical employ-
ment component, we incorporate additional labour
market indicators, denoted z!. These include both
official variables, such as the monthly unemployment
rate, and unofficial data, such as the employment
subcomponent of the ISM index. Each of these
variables load on the cyclical component according

to:

k
2 zai+Z)\§Etc_j—|—n§. (12)
j=0
where k > 1 represents the number of lags in the

system.

Together, including these indicators enhances
inference about cyclical conditions in employment,

independently of longer term structural movements.
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The unobserved components evolve according to
a standard stochastic processes. The trend level of
employment is taken to follow a local-linear trend
specification, allowing for smooth but time-varying
changes in the level of employment, for instance due
to migration or structural shifts.. In contrast, the
cyclical component and measurement errors follow

autoregressive dynamics. These are described as:

Ef =1+ EN ) +en, (13)
He = fe—1 + €2, (14)
ES = B3ES | + €13, (15)
Wy = 4 + We—1 + €4 4, (16)
Tt,j = Q2+ Bjr2li—1,5 + € j12, (17)

where ¢;; are mutually uncorrelated, mean-zero dis-
turbances with finite variance and j € {3,---,7}.
The remaining 7! measurement error terms are
assumed to be independently and identically dis-

tributed errors.

For estimation, the system defined above can
be expressed in the compact state—space form com-
monly used in the Kalman filter framework. Let Y,
denote the vector of observed variables and X; the
vector of latent states. The measurement (observa-
tion) and transition (state) equations are then given
by:

Y. = A +HX; +ny,

Xi=D+FX; 1+ €,
where n; and €; represent, respectively, the measure-
ment and state disturbances. The corresponding

vectors of observables, Y, represents an n x 1 vec-

tor of data:

’
_ |pQCEW  CES pCES pRCES pCES p[CPS  pADP
Y. = [Et E1.B Eis ELZ By Et,l Et,l Z,] s

(20)

where an n, subset, Z;, are data which load only on
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the cyclical components:

i
z, = U3, 1M, (21)
The unobserved state vector, X;, is of size
(9+k) x 1 and consists of the trend and cycle compo-
nents as well as the measurement errors, described
as:

’

Xt:[E,,T we ES w iz Elc,lEtC,k]y

(22)

The matrices A, H, D, and F impose the restric-
tions implied by the observation and state equations.
The observation equation intercept vector, A, is of
size n X 1, with the first 7 elements restricted to 0, as
described to the functional forms described in equa-
tions () to (
representing the a® components of (

), and the remainder unconstrained
). The state
equation intercept vector, D, is of size (9 + k) x 1,
and restricted to be zero except for positions 4 to 7,

reflecting the functional forms described in equations
(13) to (17).

The observation equation loading matrix, H, of
size n x (9 + k), can be partitioned into the compo-
nents which incorporate two key blocks: (i) a

block, of size (n—mn.)x (9+k)
denoted HMF which links survey vintages, which
is stacked above (ii) a cyclical influence block, of
size n, x (9 + k) denoted H®!, which links auxiliary
indicators to the cyclical employment component.

These matrices are defined as:

. .
101 000000 ]
101 00000
101 0000
= 101 00 0 Onpxk (24)
10 1 0 0
10 1 000 0
| 10 1 0 0 0 |
H = |0 A0 0 A (25)
- n, X2 n,x1 n. X6 n. Xk
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where )\gle and A,,_«x are matrices respectively
containing the contemporaneous and lagged )\; en-

tries from equation (12).

Similarly, the state equation loading matrix, F,
of size (9 + k) x (9 + k), can be partitioned into
the components which incorporate three blocks: (i)
a block, of size 4 x (9 + k) de-
noted
size 5 x (9+ k) denoted FM¥; and (iii) a cyclical in-
fluence block, of size k x (9+ k) denoted F! where

lags of the employment cycle are identified. Again,

; (ii) a measurement error block, of

these matrices defined and stacked respectively as:

F= |FpME (26)
FCI
1 1 0
01 0 O
= 0 0 0 04x (5+k) (27)
0 0 0 1

FME — { 05.4 diag{fs - Bo} Osxk } (28)

FO = [ 0o T | (29)

Finally, the disturbance term shocks, n; and €,
of size n x 1 and (9 + k) x 1 respectively, and are

assumed to follow standard orthogonal processes:

n = N(0,Ry), (30)
e S HQy), (31)

where R; and Q; denote the covariance matrices
of observation and state errors, respectively. In
the baseline specification, both are treated as time-
invariant but are estimated jointly with the model
parameters. The use of a t-distribution for €; allows
for occasional large innovations. Both matrices Ry
and Q; are diagonal. The first n — n, diagonal el-
ements of R; are equal to 0 while the first last k
diagonal elements of Q; are also equal to 0. There

are no fat tails assumed in the first two states.
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The estimation algorithm is described in Ap-

pendix

This section reports our main findings. The model
extracts a positive but slowing underlying pace of
overall US employment growth, as shown in Fig-

ure 0. Current single month underlying employment

CES
Ey g,

accounting for revisions and the benchmarking pro-

gains, defined as A are modestly positive after
cess (shown in panel a), while three-month growth
shows a similar, attenuated signal (shown in panel b).
Uncertainty widens substantially beyond the latest
observed release as vintages mature and benchmark
adjustments are incorporated. When underlying
employment growth is compared to the current vin-
tage, shown as the dashed black lines in 0, panels
(a) and (b), the underlying change in employment is
slightly above the latest vintage on a 3-month basis,
given the historical bias in employment revisions.
Looking back over the past year the latest vintage
of employment is estimated to have over-estimated
employment gains early in 2025 which should be cor-
rected as part of the annual benchmarking process.
Prior to this, where a CES benchmarking has al-
ready been observed, the latest CES vintage largely
coincides with the underlying level of employment

as evidenced by the reduction in the credible set.

The model also implies an increase in labour
market slack over the coming year as the unemploy-
ment rate is projected to move up toward 5%, a path
that is above the FOMC'’s most recent projection for
4.5% by the end of 2025 and 4.4% by the end of 2026.
Our projection is shown in 0, panel c, alongside a
similar deterioration in broader measure of labour
market slack, such as the U6 underemployment rate
(shown in 6, panel d). This continues the gradual
deterioration in measure of labour market slack seen

since the Covid-19 rebound in 2022.

A second exercise decomposes the change in em-
ployment into its constituent model components.

The results are shown in Figure 7. Panels (a), (c),
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Figure 6: EMPLOYMENT AND UNEMPLOYMENT PROJECTIONS
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Figure 7: EMPLOYMENT DECOMPOSITION
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and (e) plot the one month change in CES em-
ployment, while panels (b), (d), and (f) plot the
three month change. Panels (a) and (b) decom-
pose the median forecasted change in underlying
employment into its three principal components:
the trend, the cyclical factor, and the measurement
wedge between post-benchmark CES and QCEW
employment. From the end of 2025 onward, the con-
tribution of the trend component gradually declines,
reflecting demographic headwinds. Its contribution
falls from roughly 105k today to about 50k by late
2026, shown by the

ponent remains highly persistent, normalising only

. The cyclical com-

slowly from its current contribution of roughly —43k,
shown by the dark blue bars. By contrast, the
wedge component is small on average and expected
to play only a limited role over the forecast horizon,
shown by the light blue bars. Together, these three
elements mechanically sum to the model’s estimate
of the change in underlying employment, shown by
the solid black line.

Panels (c¢) and (d) incorporate measurement er-
ror across CES vintages by adding the cumulative
CES measurement errors, shown as the
The mechanical sum of all components in each of
these panels now equals the initial vintage of CES
employment, shown by the solid red line. This
alternative decomposition offers a clear interpreta-
tion of the monthly 119k initial CES employment
gain in September 2025 as, within our framework,
most of this increase reflects CES measurement error
rather than a change in underlying trend or cyclical

conditions.

Finally, panels (e) and (f) highlight that the
underlying employment measure is systematically
above the initial CES vintage over the projection
period, consistent with the historical upward revi-
sion bias discussed in section 2. The gap between
the underlying series (the solid black line) and the
initial vintage (the solid red line) illustrates this
pattern. By the end of 2026, our model anticipates

that final benchmarked payrolls will show monthly
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gains of roughly 15k, with initial estimates expected
to come in slightly below that level and possibly

even negative.

The broader results of the state-space model are
presented in Figure ¢, which summarises the esti-
mated paths of the three key unobserved states and
their associated error variances. Panels (a) to (c)
respectively display the level of trend employment,
the change in the trend employment level and the
cyclical component of employment. Several points

are worth noting.

Panel (a) depicts the estimated underlying trend
level of US employment, which closely tracks the
QCEW benchmark series over the sample period.
Panel (b) shows the month-to-month change in
this trend, indicating a clear moderation in recent
months as the pace of trend employment growth has
declined well below 100k per month as the 2023/24
migration boost has faded. The variances of both the

level and trend states are treated as non-stochastic.

The difference between the observed employment
level and the estimated trend in panel (a) defines
the cyclical component of employment, shown in
panel (c¢). The cyclical factor remains mildly pos-
itive, suggesting that employment is still running
somewhat above trend, but is now close to neutral
0).

weighing on monthly job gains, consistent with the

(=~ This gradual fading of cyclical support is
decomposition of underlying employment growth,
shown previously in Figure 0, panel (e). The vari-
ance of this cyclical component displays fat-tailed
behaviour, with large volatility spikes around ma-
jor economic events such as the Covid-19 pandemic,
the Global Financial Crisis, and the early 1980s
recession.

The remaining latent states capture various defi-
nitional wedges and measurement error processes, in-
cluding between the benchmarked CES and QCEW
employment levels and within the CES series (be-
tween the benchmark and earlier vintages). The vari-

ance of these CES wedges similarly display episodes
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Figure 8: MODEL ESTIMATES
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of elevated volatility.

Overall, the unobserved state estimates suggest
that the underlying trend in employment has slowed,
the cyclical component has nearly normalised, and
measurement errors, particularly during periods of
macroeconomic stress, remain an important source

of volatility in the employment data.

We estimate the model using Bayesian methods.
Posterior estimates of the key model parameters are
displayed in Table 2, alongside the corresponding
priors. We estimate the state variables using the
Kalman filter.

In this section, we consider three practical applica-
tions of the framework developed above. The first
application explores how the model can be used to in-
fer the breakeven rate of employment change, that is,
the rate of job growth consistent with a stable unem-
ployment rate, directly from the estimated compo-
nents. The second application evaluates the model’s
performance in tracking and updating benchmark re-
visions to CES employment, comparing its behaviour
to the canonical framework of

( ). The final application examines the use of the
model to produce an unofficial employment report,
for example, during a US government shutdown or
other circumstances in which official data releases
are delayed, but alternative model indicators remain

available.

In this subsection, we compare our model estimates
to the concept of the breakeven rate of employment
growth. This measure has received renewed atten-
tion recently,” with most estimates now placing the
breakeven rate between Ok and 50k ( , ;

; ; ; , 2025),

as both supply and demand have fallen in tandem

( ,

mates is consistent with the methodology used by
the St. Louis Federal Reserve ( )

flects a substantial decline from estimates earlier in

). This range of breakeven esti-
) and re-

the year ( , ;
, 2024).

The breakeven rate of employment growth is
defined as the short-term change in employment
required to keep the unemployment rate constant.
It can be derived directly from basic labour force
identities. The total labour force, L;, is given as the

sum of the employed, E;, and the unemployed, Uy:
Lt = Et + Ut- (32)

The unemployment rate is defined as u; = % Tak-
ing first differences, the monthly change in the un-

employment rate can be expressed as:

Ut Utfl Et Etfl
Ay = =4 — S L i
T L, L, Ly Li
(33)
ko By
Liy L (34)

Setting Auy = 0 implies that the unemployment
rate is constant, which allows us to define the ex-
post monthly breakeven level of employment, EPE

as:

Auy =0, (35)
e _ Lt
= FEPE= Ei_q, (36)
Ly
= EPEP=(1+g)E 1, (37)

where g; = L,Lfl — 1 is the net labour force growth

rate. Therefore, for the unemployment rate to re-
main constant, the level of employment (and equiv-
alently unemployment) must grow at the same rate
as the labour force, g;. The breakeven rate of em-

ployment growth thus provides a useful threshold for

2For instance, Chair Powell discussed this at the September 2025 FOMC press conference, noting: “It’s clearly come way
down... You could say it’s somewhere between 0 and 50k and you’d be right, or wrong.” ( , )
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Table 2: Prior and Posterior Estimates

Prior Posterior

Parameter 1 Parameter 2 5th 50th 95th
as 5.85 0.52 508  5.34  5.61
ag 49.8 2.27 498  50.0  50.3
ao 2.01 0.22 1.97  2.07 216
an 11.2 2.89 121 128 135
arn 351 43.1 311 326 342
ars 0.12 1.00 0.10 0.18  0.26
a4 9.99 1.37 921  9.65 10.1
as 1.35 0.28 1.25 134 1.44
ae 62844 19931 64571 66007 67482
arr 4565 608 4025 4212 4404
ais 57.8 5.76 57.7 580  58.3
ag -4.87 9.36 025 3.60  6.83
Y -0.64 0.13 -0.58 -0.51 -0.44
A 3.55 0.56 2.08 217 226
A% 0.07 0.04 0.05 0.08 0.12
A9 1.25 0.62 .81  1.89  1.97
A%y -0.10 0.01 -0.17  -0.17  -0.17
A0, 1.46 0.25 1.35 142 1.50
A9, -0.81 0.26 -0.85 -0.77  -0.69
Afs -0.10 0.05 -0.23  -0.19 -0.14
PV -15.8 3.89 272 -26.9  -26.6
Py -0.38 0.15 -0.32  -0.31  -0.30
Mg 3.01 1.13 4.38 447 457
Al 0.01 0.00 0.00  0.00  0.00
ay -0.24 0.50 235 252 2.69
as -3.76 0.50 2.78  -1.87  -0.95
ag -14.1 0.50 -13.9  -13.7  -135
ar -19.7 0.50 -19.3  -18.9  -18.6
as 46.9 0.50 384 397 409
ag -8450 0.50 -1374  -1248  -1093
B3 0.92 0.02 097 097  0.98
Bs 0.92 0.50 092  0.92 0.92
Be 0.01 0.50 0.01  0.01 0.01
Br 0.04 0.50 0.04 004 0.04
Bs 0.94 0.50 095 095  0.95
Bo 0.63 0.50 094 095 0.95

Sources and Notes: Fulcrum Asset Management LLP. Table shows prior and posterior estimates for the specified parameters.
Prior parameter 1 is the mean of the normal distribution while prior parameter 2 is the standard deviation of the normal
distribution. Posterior estimates represent 5th, 50th and 95th percentile of the model posterior estimates. Due to small values
entries for /\? for 7 € {8,9,10,11, 13,14, 15,18} have been multiplied by 1000. December 11, 2025.
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assessing whether observed job gains are sufficient

to prevent an increase in unemployment.

Following ( ), the change

in the breakeven level of employment can be ex-

pressed in terms of population dynamics. Start
from the identity defining the breakeven employ-
ment level. Using the definitions of ¢, = LAitl and
Bict — 1 — uy_y we can rewrite (17) as:
L1 t—1 .
EPP = (14 g) By, (38)
EPE — By =gE 1, (39)
E,_
AEPE = AL, 2L (40)
Ly
AEPE = AL{(1 —usq), (41)

Next, rearranging the definition of the labour
force participation rate, PRy, the level of labour
force may be written as L; = PR; - Pop;, where
Popy is the chosen population base, usually the CPS
civilian non-institutional population. First differenc-

ing gives:

ALt = PRtAPOpt + POptflAPRt. (42)

Combining (/1) and (

sion for the change in the breakeven level of employ-

) yields an exact expres-

ment:

AEP® = (PR;APop; + Pop;_1APR) (1 — uy_1).
(43)

Finally, two assumptions are used to adjust the
exact expressions. Firstly, monthly changes in the
labour force participation rates as neglected, given
that these are typically small and noisy. This as-
sumption implies Pop;_1 APR; =~ 0 and the exact
expression in (13) simplifies to:

AEPY = PR,APop;(1 —us_1). (44)
Finally, ( ) adjust the tim-
ing convention by replacing the beginning-of-period

employment share 1 —u;_; by the contemporaneous

22

share 1 — ug, to give:

AEPY = PR,APop; (1 — uy). (45)
A wedge can be introduced to match the CES em-

ployment concept of jobs.

According to this measure of the employment
breakeven rate, using the latest labour force par-
ticipation and unemployment rates from the CPS
together with population projections from the CBO,
the breakeven level of employment growth has de-
clined sharply from over 200k per month in 2024
to below 50k by the end of 2025. This is shown
in Figure 9, panel (a). The main driver of this
decline is the reversal in net migration. In 2024,
net migration added around 175k per month to the
breakeven, but this contribution is projected to fall
to around 17k per month by the end of 2025, and
to decline further through 2026. In contrast, the
contribution from natural population change (births
minus deaths) has remained comparatively stable
and modest, implying that nearly all of the recent
fall in the breakeven rate stems from the normalisa-

tion of migration flows.

In Figure 9, panel (b), the impact of recent revi-
sions to the CBO’s population estimates are shown.
These revisions lower the overall pace of popula-
tion growth, particularly from late 2025 into 2026,
and consequently shift the timing of the peak in
breakeven employment growth earlier while reduc-
ing its level at the end of 2025. Overall, slower pop-
ulation expansion translates directly into a lower
breakeven rate of employment growth, as described
in equation (15), consistent with the ongoing demo-

graphic drag on labour supply.

We can link this concept of the employment
breakeven directly to our model framework described
in section . In the state-space representation, cycli-
cal conditions influence the unemployment rate, U3y,

according to:

U3y = a7 + M BC + MoES  + e, (46)
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Figure 9: US EMPLOYMENT BREAKEVEN ESTIMATES
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where EC represents the cyclical component of em-
ployment, A7 1 and A7 capture the contemporane-
ous and lagged effects of the cycle on the unemploy-

ment rate, and 7, 7 is an idiosyncratic error term.

Taking expectations conditional on time ¢, fore-
casted changes in the unemployment rate depend

on forecasted changes in the cyclical component:

Ei[AU3i41] = MaEJAES ] + A oE [AEL]

+ E[Aney 7] (47)

Therefore, within the model, the breakeven con-
cept, defined as the rate of employment growth con-
sistent with no change in the unemployment rate,

corresponds to the condition:

E:[AU3;44] = 0. (48)
That is, the unemployment rate is expected to re-
main constant when cyclical conditions are expected

to exert no net effect on employment. Expressing
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this in terms of the employment cycle gives:

0= )\771 EJAE&_J + )\772 Et[AEtC] + E; [A"]t+1,7]-
(49)

), which

takes a random-walk form, the breakeven condition

Given the cyclical state equation, (

implies that the expected cyclical component must
be stable with:

E/(Ef) = E/[Ey 1] = 0. (50)
Intuitively, when the employment cycle exerts no up-
ward or downward pressure on job growth, the model
predicts no systematic change in the unemployment
rate, an internal definition of the breakeven rate con-
sistent with the labour-force, based measure derived

earlier.

The breakeven change in employment, when ex-
pressed in terms of the post-benchmark vintage of

the CES employment concept, can therefore be writ-
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ten as:

AEP g =EJAE) + Awii ], (51)
where AE(,, denotes the expected change in
the underlying trend component of employment,
and Awgyq represents the expected change in the
QCEW-CES wedge.

This expression shows that, within the model,
the breakeven rate of employment growth corre-
sponds to the expected change in employment that
arises purely from structural (trend) forces and defi-
nitional adjustments between the CES and QCEW
measures. In other words, when cyclical influences
are neutral (E,[AEf, ;] = 0), maintaining a constant
unemployment rate requires employment to evolve
only through its trend and measurement—wedge com-
ponents. This is akin to the concept of the breakeven
rate moving solely in response to population dynam-

ics, as discussed earlier.

Finally, given current population growth esti-
mates, discussed above, and their implications for
the employment breakeven, we perform a condi-
tional forecasting exercise in which the model is
disciplined by externally imposed conditions on the
future trend in employment growth. In the model
E[AEY (] = Eilpi41], where p1y denotes the change
in the trend component of employment. Population
projections, discussed above, imply that by the end
of 2026, the breakeven rate of employment growth
should be approximately 30k per month. To incor-
porate this information, we augment the state-space
system with an additional pseudo-observation that
links the change in the trend component, i, to this

externally provided breakeven path.

Formally, we impose that the expected value of
the trend in December 2026 equals 30k, but we in-
troduce this as a soft constraint rather than a fixed
equality. Specifically, the imposed observation is

treated as being observed with uncertainty, such

24

that:

[tpec2026 ~ N (30k, 15k?), (52)
allowing the model to deviate from the target within
a plausible range (approximately between Ok and
60k). This conditioning approach allows the fore-
cast to remain consistent with current demographic
trends which then anchor the long-run trajectory of
employment growth, but preserve flexibility in the

short-run dynamics of the state-space model.

The impact of this exercise on the model’s
, which

presents the estimated changes in the CES em-

breakeven estimates is illustrated in Figure
ployment breakeven. Panel (a) displays the un-
conditional model estimates, while panel (b) shows
the corresponding conditional estimates. Imposing
the conditioning assumption lowers the estimated
breakeven rate of employment growth, bringing it
closer to external benchmarks, such as those re-
ported by ( ).

The effects of this conditional forecasting as-
sumption are summarized in Table 3. Imposing the
breakeven constraint lowers the projected monthly
change in employment from an average of around
85k to approximately 50k by the end of the year.
The conditioning assumption also affects earlier pe-
riods because the trend component, p;, is jointly
estimated over the full sample, constraining its end-
point influences its inferred historical (smoothed)
path. As a result, the estimated underlying monthly
change in employment for previous months is also re-
vised downward once the benchmarked CES payroll

data become available.

In terms of implied three-month changes in non-
farm payrolls, the conditioning exercise reduces pro-
jected gains by similar amounts over the near-term
forecast. The overall impact on the unemployment
rate and the broader U6 underemployment measure,
however, is minimal. For these variables the con-
ditional forecasts differ by less than one tenth of a

percentage point. This is, perhaps, expected as the
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Figure 10: US EMPLOYMENT BREAKEVEN ESTIMATES
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Table 3: Median CES Forecasts with Differing Conditions

1 Month Change (NFPs) 3 Month Change (NFPs) U3 Unemployment Rate
Latest Unconditional Conditional Latest Unconditional Conditional Latest Unconditional Conditional
31-May-2025 19 52 49 99 120 116 4.2 4.3 4.3
30-Jun-2025 -13 75 69 55 97 92 4.1 44 44
31-Jul-2025 79 78 74 28 68 65 4.2 44 44
31-Aug-2025 22 116 97 29 89 80 4.3 44 44
30-Sep-2025 91 56 93 4 45 44
31-Oct-2025 76 51 91 67 4.5 4.5
30-Nov-2025 99 68 85 57 4.5 4.5

Sources and Notes: Fulcrum Asset Management LLP. Table shows impact of conditional foreacasting on the underlying (after
benchmarking) change in employment according to the CES survey. December 11, 2025.
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conditioning directly targets the trend component
of employment growth rather than its cyclical com-
ponent, though indirect effects will arise across all

unobserved states.

A further application of the model relates to the
annual benchmark revision process. Data from the
QCEW are released with a lag and are incorporated
into the CES with an additional delay, as discussed
in section Consequently, for a period of time,
information about the forthcoming March bench-
mark is available but not yet reflected in the official
CES estimates. Several studies have exploited this
feature to recalibrate estimates of the current pace

of monthly employment growth.
The canonical early benchmark models of
( ) ,b) illustrate how this ad-
justment can be implemented within a simple frame-
work. In their approach, the early benchmark esti-

mate of employment, denoted E By, is defined as:

In ECES,

if0<t<i,

W EB; = { mECT + (ln EXPY — In ERGEW), ifi<t<j

In EflElS + (ln EJQEEW —1In EgC{EW) + (ln E,CES —1In EJCLEIS) ifj <t,

where ¢ denotes the first month following the previ-
ous benchmark revision, and j marks the first month
for which QCEW data are unavailable.

This specification ensures that the benchmarked
CES values are used whenever possible. The im-
plied growth rate of non-farm payrolls is therefore
updated using QCEW data whenever these are avail-
able after a previous benchmark, and extrapolated
using CES data once the QCEW series ends. In
essence, this approach stitches together the two data
sources, QCEW and CES, so that the most recent
benchmark information is incorporated as soon as
feasible while maintaining continuity in the level of

the employment series.

A comparison between the data, the early bench-
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mark model of ( ), and our

own framework is presented in Figure Panel
(a) displays the level impact of the benchmark ad-
justment, while panel (b) shows its effect on the
monthly change in employment. Overall, the early
benchmark model implies a notably weaker path
for payroll employment, with most of the downward
adjustment concentrated in the first quarter of 2025.
In contrast, our model generates a more moder-
ate revision. Specifically, the post-benchmark CES
employment implied by our framework suggests a
smaller adjustment, at around half the magnitude of
the Berger model estimate. Although the level of em-
ployment in early 2025 is still expected to be revised
lower, the decline is less pronounced than would be
implied by the purely mechanical growth rate adjust-
ment. This reflects the fact that our model explic-
itly incorporates the CES to QCEW benchmarking
wedge whenever QCEW data are available, allow-
ing the estimated adjustment to evolve smoothly
rather than mechanically, which is more consistent
with the pattern of available vintages and auxiliary

indicators.

The Bureau of Labor Statistics (BLS) has an-
nounced that its preliminary, non—seasonally ad-
justed benchmark adjustment for March 2025 is
expected to reduce the level of employment by ap-
proximately -911k. By comparison, the early bench-
mark estiamtes method suggests a difference of -692k
in seasonally adjusted terms, with our framework
anticipating a smaller final revision of around -563k.
This difference is broadly consistent with patterns
observed in recent years, shown in Figure |1, panel
(c). In each of the past several benchmark cycles, the
initial BLS estimate of the benchmark adjustment
has subsequently been revised closer to zero. For ex-
ample, the initial estimate for the 2024 revision was
around -800k while the final revision settled near
-600K. This recurring pattern reinforces confidence
in our model’s more moderate estimate, which lies
between the current CES data vintage and the early

benchmark projection of ( ).
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Figure 11: ESTIMATED BENCHMARKING IMPACT
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Model forecasts are generated using the state-space
) and (19).

As such, our forecasts are based on an incomplete

representation defined in equations (

information set available at the time of estimation.
In November 2025, this information set included
data from the monthly ADP employment report
and initial claims releases for both October and
November. The model projections are presented in
Table
in underlying employment for the delayed October

, which shows that the forecasted increases

and November reports were approximately 20k each,
after the benchmarking adjustment. These projec-
tions imply a modest moderation in labour market
conditions, consistent with the unemployment rate
edging up toward 4.5% by the end of 2025.

The implications of these employment forecasts
for the sequential revisions of the CES are sum-
marised in Table 5. The table shows how successive
vintages of the one-month change in CES employ-
ment are expected to evolve over the revision cycle.
Relative to the latest available data, initial vintages
are projected to remain modest, with subsequent
revisions typically amounting to gains in the low
tens of thousands by the third release. Following
the annual benchmarking process, monthly employ-
ment gains are anticipated to average around 30k
on a three month basis. Overall, the most recent
data appear to understate the eventual benchmark-
adjusted increase in employment by a considerable
margin, given the information contained in other

indicators.

This paper presents a new framework for analysing
US labour market data within a unified state-space
structure. The model jointly incorporates multiple
data sources and their revision properties, allowing
for a coherent interpretation of the labour market.
By integrating the QCEW, CES and CPS along with

other auxiliary indicators, the framework provides a
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consistent view of both the trend and cyclical com-
ponents of employment. Importantly, the model can
be estimated and updated rapidly, typically within
minutes following the release of an employment re-
port, offering a timely and transparent assessment

of underlying labour market conditions.

We demonstrate several useful applications of
this framework. First, we show how it can be used to
generate unofficial employment estimates during pe-
riods when official data releases are delayed, such as
during a US government shutdown. Second, we use
the model to link structural demographic factors to
the concept of the employment breakeven rate, high-
lighting how recent changes in population growth
and migration have sharply reduced the breakeven
level of job gains. Finally, we apply the framework
to assess the implications of the annual benchmark-
ing process, showing how the model anticipates and

refine early benchmark revisions.

Taken together, our results provide a cohesive
and internally consistent narrative: the pace of US
employment growth has moderated as firms add
fewer workers each month. This slowdown primarily
reflects a deceleration in labour supply, evidenced
by the declining breakeven employment rate, rather
than a sharp deterioration in demand. While cycli-
cal support for employment has faded somewhat,
there is little indication of imminent labour market
dislocation. Overall, the model offers a robust and
flexible platform for real-time monitoring of labour
market trends and for interpreting new data as it

becomes available.
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Table 4: Unofficial US Employment Report

1 Month Change (NFPs)

3 Month Change (NFPs)

U3 Unemployment

U6 Unemployment

Data Underlying Data Underlying Data Underlying Data Underlying
Jun 25 -13 66 55 80 4.1 4.4 7.7 8.0
Jul 25 72 70 26 59 4.2 4.4 7.9 8.1
Aug 25 4 78 18 72 4.3 4.4 8.1 8.1
Sep 25 119 59 62 68 44 4.4 8.0 8.2
Oct 25 21 52 4.5 8.2
Nov 25 17 30 4.5 8.3
Dec 25 48 28 4.5 8.3

Sources and Notes: Fulcrum Asset Management LLP. Table shows latest model projections in absence of the US employment
report for October. Black numbers denote latest official data. Red numbers denote model median estimates. For CES non-farm
payrolls underlying differs from data due to measurement error and estimated impact of future revisions, for CPS unemployment
and underemployment rates differences are attributed to measurement error away from underlying employment cycle. December

11, 2025.

Table 5: Latest Median CES Revision Forecasts

1 Month Change (NFPs)

Latest Data  First Vintage Second Vintage Third Vintage Benchmark
Jun 25 -13 147 14 -13 66
Jul 25 72 73 79 72 70
Aug 25 -4 22 -4 23 78
Sep 25 119 119 7T 70 59
Oct 25 -57 -28 -20 21
Nov 25 -36 -38 -22 17
Dec 25 -8 1 11 48

Sources and Notes: Fulcrum Asset Management LLP. Table shows latest model projections for sequential CES revisions.
Black numbers denote observed vintage data. Red numbers denote model median forecasts. December 11, 2025.
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The estimation proceeds by iterating between state smoothing and parameter updating steps within a

Bayesian state-space framework. Given the observed data {Y;}7_;, we initialise the procedure as follows:

1. Initialization: Specify initial guesses for the parameters in the system matrices A, D, F, H, {Q;}7_,,

and {R;}Z_,, along with an initial condition for the state vector, Xg.

2. State smoothing: Conditional on these initial parameter values, obtain the smoothed estimates of

the latent states, {X;}7_,, using the Durbin-Koopman simulation smoother.

3. Update state parameters: Given the smoothed state sequence, update the parameters in the state
transition equation, D and F, using a Gibbs sampling step based on a Bayesian VAR formulation. In
this step, D and F are drawn conditional on {Q;}7_,, with appropriate priors specified for each. In

practice, these updates can be performed state-by-state.

4. Update state covariance: Conditional on the new draws of D and F, update {Q;}{_; using an

Inverse-Wishart distribution.

5. Update the measurement parameters: Given the latest smoothed states, update the measurement
parameters A, H, and {R;}_; following an analogous Gibbs sampling step, with {R;}/_; also drawn

from an Inverse-Wishart distribution.

6. Iteration: Repeat the above steps 10,000, discarding the initial 2, 000.

32



US EMPLOYMENT: BREAKEVENS, BENCHMARKING AND BLINDSPOTS FULCRUM

Director, Economics Research

Jeremy joined Fulcrum as a Senior Economist in 2019. Be-
fore that he had worked as a Senior Economist at the Bank
of England for several years. He has a PhD and MA in
Economics from Duke University and also holds an MA in
Economics from the University of British Columbia. Jeremy

completed his undergraduate studies at the Chinese Univer-

sity of Hong Kong.

Director, Economics Research

Dan Wales joined Fulcrum as Economics Research Director
in 2024. Dan joined Fulcrum from the IMF and before that
the Bank of England where he worked as an economist. He
graduated from the LSE with a First-Class degree in Econo-
metrics and Mathematical Economics. He has a PhD in
economics from Hughes Hall, Cambridge and was a Janeway

post-doctoral Research Fellow in Economics at the Cam-

bridge Faculty of Economics and Christ’s College.

33



US EMPLOYMENT: BREAKEVENS, BENCHMARKING AND BLINDSPOTS FULCRUM

Source for all figures: Fulcrum Asset Management.

This content is provided for informational purposes and is directed to clients and eligible counterparties as defined in Directive 2011/61/EU
(AIFMD) and Directive 2014/65/EU (MiFID II) Annex II Section I or Section II or an investor with an equivalent status as defined
by your local jurisdiction. Fulcrum Asset Management LLP (“Fulcrum”) does not produce independent Investment Research and any
content disseminated is not prepared in accordance with legal requirements designed to promote the independence of investment research
and as such should be deemed as marketing communications. This document is also considered to be a minor non-monetary (‘MNMB’)
benefit under Directive 2014/65/EU on Markets in Financial Instruments Directive (‘MiFID II’) which transposed into UK domestic law
under the Financial Services and Markets Act 2000 (as amended). Fulcrum defines MNMBs as documentation relating to a financial
instrument or investment service that is generic in nature and may, with Fulcrum’s approval, be made available simultaneously to any
investment firm requesting it or to the general public.The following information may have been disseminated in conferences, seminars
and other training events on the benefits and features of a specific financial instrument or an investment service provided by Fulcrum.

Any views and opinions expressed are for informational and/or similarly educational purposes only and are a reflection of the author’s
best judgment, based upon information available at the time obtained from sources believed to be reliable and providing information in
good faith, but no responsibility is accepted for any errors or omissions. Charts and graphs provided herein are for illustrative purposes
only. The information contained herein is only as current as of the date indicated, and may be superseded by subsequent market events
or for other reasons. Some of the statements may be forward-looking statements or statements of future expectations based on the
currently available information. Accordingly, such statements are subject to risks and uncertainties. For example, factors such as the
development of macroeconomic conditions, future market conditions, unusual catastrophic loss events, changes in the capital markets
and other circumstances may cause the actual events or results to be materially different from those anticipated by such statements. In
no case whatsoever will Fulcrum be liable to anyone for any decision made or action taken in conjunction with the information and/or
statements in this press release or for any related damages. Reproduction of this material in whole or in part is strictly prohibited

without prior written permission of Fulcrum.

Copyright (© 2025, Fulcrum Asset Management LLP. All rights reserved. FC1549 11122025

34



	Introduction
	Related Literature

	Data and Revisions
	QCEW
	CES
	The Benchmarking Process

	CPS
	Remaining Data

	Stylised Facts
	Stylised Fact 1: CES Revisions Are Typically Upward
	Stylised Fact 2: No Distinct Monthly Pattern
	Stylized Fact 3: Serial Correlation in Revisions

	Model
	Results
	Applications
	Breakeven
	Benchmarking: Automatic Annual Revisions
	Blindspots: Unofficial Employment Report

	Conclusion
	Estimation Algorithm

