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for small business establishments in high-turnover service sectors, where official esti-
mates such as the Current Employment Statistics (CES) face their greatest challenges.
Building on Kurmann et al. (2025), we make two methodological advances. First, we
improve the identification of true business openings and closings in private-sector payroll
data by exploiting self-reported company creation dates and exit reasons together with
independent information on business-level foot-traffic and transactions, thus resolving
a fundamental timeliness–accuracy trade-off in prior work. Second, we extend employ-
ment estimates beyond the payroll sample to a broader population of small businesses
using a supervised prediction framework that maps observable business activity signals
to payroll outcomes, validated against administrative population data. Applying the
methodology to Homebase scheduling and payroll data from 2018 through early 2026,
we produce weekly estimates of employment, hours, wages, and job flows. We then
evaluate the performance of our method by comparing the resulting estimates against
administrative population data.
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1 Introduction

The accuracy of official U.S. employment statistics has come under renewed scrutiny fol-
lowing historically large benchmark revisions to the Current Employment Statistics (CES)
survey. The preliminary benchmark revision for March 2025 was −911,000 jobs, the largest in
absolute terms on record and the largest in percentage terms since the Great Recession. The
previous year’s preliminary revision of −818,000 (finalized at −598,000) was itself the second
largest. While representing only about 0.5% relative to total non-farm employment, these
magnitudes exceed a threshold that matters for policymaking: the Federal Reserve, finan-
cial markets, and private businesses all condition decisions on CES payroll growth estimates
that, as it turns out, may overstate—or in other instances understate—actual employment
growth by hundreds of thousands of jobs.

The CES is the product of decades of methodological refinement and rigorous statisti-
cal practice. As such it remains the benchmark for real-time employment measurement by
design. Yet its inherent constraints – a survey-based design with increasing non-response
issues, estimates that are available only for relatively coarse industry-geography cells, and
publication at monthly frequency with considerable time-lag – limit its usefulness and reli-
ability, especially during periods of sharp disruptions such as the COVID-19 pandemic and
around business cycle turning points. In response, a substantial literature has developed
that uses novel private-sector datasets to provide more timely, higher-frequency, and more
granular employment estimates (e.g., Bartik et al. 2020; Cajner et al. 2020; Chetty et al.
2024; Kurmann et al. 2025), which received widespread attention in recent years.

While very useful, estimates from these private-sector datasets are subject to many of the
same fundamental measurement challenges that affect the CES and other official statistics.
The two central difficulties are identifying true business openings and closings, and ensuring
the representativeness of the resulting estimates. Private-sector opportunity samples typi-
cally grow over time as platform adoption expands, so new entrants to the data are a mix of
genuinely new businesses and existing businesses that recently adopted the platform. With-
out direct information on which is which, naive employment counts confound true economic
dynamics with platform growth. Furthermore, because adoption of a particular platform is
unlikely to be random, these samples may attract particular types of establishments, imply-
ing compositional biases that may evolve over time as sample frame expands. Indeed, these
problems are potentially more severe than in the CES, where the sampling frame is anchored
to the near-universe Quarterly Census of Employment and Wages (QCEW) and decades of
methodological investment underpin the birth-death and nonresponse corrections behind the
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offical estimates.1

This paper develops new methodology to directly address these challenges, with a focus on
the segment of the labor market that is both hardest to measure and likely most consequential
for measurement error: small establishments in high-turnover service industries. Indeed,
small businesses account for a disproportionate share of employment dynamics through births
and deaths, and as we document in Section 2, the sectoral concentration of recent CES
benchmark revisions falls squarely on the industries where the employment share of small
establishments is among the largest.

We combine private-sector payroll data with independent information on business activity
from geo-located cellphone visits (and, in future iterations, establishment-level transactions
data) to construct high-frequency estimates of employment, hours, wages, and job flows that
distinguish true business openings and closings from sample churn (i.e., entries of already
operating businesses and exits of continuing businesses). In a second step, we then exploit
the much larger coverage of the independent data sources on business activity to extrap-
olate these estimates beyond the available payroll sample to a broader universe of small
establishments using a supervised prediction framework. This yields more granular and
more representative estimates than either data source could provide alone. As we discuss
throughout the paper, this task is subject to several potential caveats, and we do not claim
to resolve all measurement challenges. Rather, we aim to make targeted progress on the
margins where the potential gains are largest.

The new methodology is motivated by a growing body of research that traces mea-
surement difficulties in the CES to its “net birth-death model”, which estimates the net
contribution of employment from newly created and recently closed establishments based on
imputation and historical aggregate data, and to declining survey response rates (Mueller,
2006; Decker, 2026). Both of these problems are disproportionately concentrated in small
establishments in high-turnover service sectors, precisely where employment dynamics are
most volatile and hardest to capture in real time. These observations point to a clear set
of desiderata for improved measurement, particularly for this segment of the economy: (i)
automatic, administrative-style data collection; (ii) direct information on business openings
and closings; (iii) high-frequency real-time availability; and (iv) large, representative sam-
ples. No single existing source satisfies all four. Administrative population counts from the
QCEW by definition work well on accuracy and coverage but are published only with a multi-
quarter lag. The CES is timely but suffers from the birth-death and non-response problems

1In addition, there are other potential caveats about relying on private-sector data that are non-statistical
in nature; in particular continuity of data access and business-driven changes in data collection and reporting.
While very important, the present paper does not address these issues.
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noted above. Private-sector microdata can in principle deliver on all four dimensions, but
only if the twin challenges of sample churn and representativeness are properly addressed,
as Kurmann et al. (2025) demonstrated in the context of the COVID-19 pandemic. The
present paper develops that approach systematically in two directions.

Our first contribution addresses desiderata (i) and (ii), automatic data collection and
direct information on business activity, through a significant advance in how business open-
ings and closings are identified in private-sector data. In Kurmann et al. (2025), we addressed
this by matching payroll establishment records to independent signals of business activity
from Google Places and Facebook posts. While effective, this approach had important lim-
itations: it was essentially limited to businesses with physical store locations, and it faced
a fundamental trade-off between timeliness and accuracy since identifying closings required
independent signals for several weeks beyond the exit of an establishment from the payroll
sample frame.

In the present paper, we exploit two new complementary approaches that resolve these
limitations. The first relies on business activity information that is internal to the private-
sector payroll data itself: self-reported company creation dates, which indicate whether a
sample entrant is a genuinely new business or an existing one that recently adopted the
software, and self-reported reasons for leaving the platform—such as permanent closure,
switching to a competing provider, or seasonal shutdown—recorded for a subset of exiting
establishments. The second approach uses foot-traffic data geo-located cell-phones as well
as transaction data from payment processors as an independent, high-frequency measure of
business activity. Together, the two sources of information on business activity in real- or
near-real time, and can be combined to validate and extend the identification of business
openings and closings in the payroll sample.

We apply the new method to data from Homebase, a scheduling and payroll software
provider used primarily by small businesses. Preliminary results with only Homebase-internal
information on business creation and closure indicate that the proposed methodology works
surprisingly well: small business estimates for three prominent service sectors, retail trade,
professional and business services, and leisure & hospitality match annual ex-post population
data from the QCEW surprisingly well, implying relatively modest revisions.

In addition, the preliminary estimates reveal interesting seasonal patterns and real-time
developments about small business dynamics and job flows not currently available in the
official statistics. In particular, we find that small business openings for the second half of
2025 and the beginning of 2026 are unusually low, below pandemic levels. Furthermore,
small business job growth from new hires is at declining rate while average hourly wages
have increased by less than for larger businesses since the end of the pandemic.
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Our second contribution addresses the desideratum (iv), coverage and representative-
ness, by extending the estimates beyond the available payroll sample to a broader population
of (small business) establishments. For instance, in the Homebase sample used in Kurmann
et al. (2025) was broadly representative of small businesses in the covered sectors, but its
coverage is limited to approximately 130,000 establishments per year. While substantial,
this represents only a fraction of the total small business population in those sectors. To
improve representativeness and geographic granularity, we propose to use the establishments
in the payroll sample merged with visits and payments data as a training sample for a
predictive framework that maps observable activity signals (visit counts, dwell times, trans-
action volumes) to payroll outcomes (employment, hours, wages, opening/closing status).
The predictive framework uses K -fold cross validation as applied in an economics context
by Kleinberg et al. (2015) and Mullainathan and Spiess (2017). Furthermore, the tempo-
ral stability of the resulting activity-to-payroll prediction can be assessed with out-of-sample
validation as proposed for instance in Ginsberg et al. (2009) as well as external benchmarking
against QCEW and BED population statistics.

Our work contributes to an active policy and research agenda on improving official em-
ployment measurement. Decker (2026) surveys potential improvements to the CES, including
expanding the data sample through private payroll providers, more frequent benchmarking,
and improved birth-death estimation using contemporaneous external data. Cajner et al.
(2022) demonstrate the value of combining multiple private-sector data sources to improve
payroll employment measurement. Crane et al. (2022) use non-traditional indicators to track
business exit during the pandemic. Our paper provides a concrete methodological framework
and empirical demonstration of how private-sector microdata, combined with supplementary
information on business activity, can address all four measurement desiderata for the segment
of the economy that is hardest for official statistics to measure. The approach is transparent,
produces standard errors, and can be readily benchmarked against population statistics—
addressing Decker’s (2026) emphasis that the most useful approach is access to underlying
microdata so that methodological choices remain with trained statistical staff.

The remainder of the paper is organized as follows. Section 2 presents the empirical case
for focusing on small establishments in high-turnover service sectors. Section 3 develops the
methodology for estimating employment, job flows, hours, and wages from private-sector
data, and describes the prediction-based coverage extension. Sections 4 and 5 apply the
methodology to small business payroll data from Homebase and present results. Section 6
provides further details of the prediction-based coverage extension. Section 7 concludes.
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2 The Case for Focusing on Small Establishments

To provide context, we begin with Figure 1 providing a long-run perspective on CES em-
ployment revisions. The solid line denotes the difference between the initial and final release
of CES estimates for total non-farm employment. As previous studies have documented
(Haltom, 2005; Phillips and Nordlund, 2012; Quinlan and Pinheiro, 2026), these revisions
are typically positive during expansion periods and negative during economic downturns.
The historical significance of the March 2025 revision is directly visible by comparing the
most recent data points of the series with the revisions that followed the 1990s recession as
well as the Great Recession of 2007-09.

Figure 1: CES employment revisions
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notes: The figure shows CES revisions (defined as the difference between first and final release of data) for
total nonfarm employment (solid line) and employment in NAICS supersectors 40 (Trade, transportation,
and utilities), 60 (Professional and business services), 70 (Leisure and hospitality), and 80 (Other services)
combined (dotted line). NAICS supersector data revisions are available from May 2003 onward only. Data are
seasonally adjusted. Gray-shaded areas indicate NBER recession periods. Source: St. Louis Fed: Archival
FRED and Bureau of Labor Statistics.

Next to the solid line in Figure 1, the dotted line shows CES employment revisions
for four of of the service supersectors combined: Trade, transportation, and utilities (40),
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Professional and business services (60), Leisure and hospitality (70), and Other services (80).
While they represent 38% of total nonfarm employment on average, these four supersectors
explain the lion’s share of CES total employment revisions, as demonstrated by the close
comovements between the two lines.

In Figure 2, we turn to annual data from the Business Dynamics Statistics (BDS) to assess
the relative role of births/deaths by establishment size in driving aggregate employment
growth. As shown in Panel (a), net employment from births/deaths accounts for almost
a third of net employment growth at the yearly frequency.2 Small establishments account
for the bulk of net employment from births/deaths, and they also drive about half of the
employment growth that is coming from continuing establishments.3

Figure 2: Contribution of births/deaths and continuing establishments, by size

(a) Total nonfarm employment (b) NAICS supersectors 40+60+70+80

notes: The figure shows the contribution of net employment from births/deaths and net employment from
continuing establishments to yearly employment growth, on average over the years 1979-2023 in data from
the Business Dynamics Statistics. Small establishments are defined as establishments with 1 to 99 employees.

Next, in panel (b) of Figure 2, we focus on the four sectors that we previously high-
lighted. For those, employment growth through births/deaths explain almost 55% of total
employment growth, with much of this margin driven by small establishments.

2The frequency of measurement is important here: for instance, any employment that is added by an
establishment, say, one or two quarters after it is born is still counted as job creation from a newly-born
establishment, whereas in quarterly data this would be counted as job creation from a continuing establish-
ment.

3In the BDS, we can either define small establishments as those with 1-19 employees or 1-99 employees.
Using the former definition, we find that small establishments account for 18.4% of employment growth
through births/deaths and 13.4% through continuing establishments. Hence, while the cutoff at 99 em-
ployees clearly inflates the role of small establishments regarding the latter margin, it remains that small
establishments drive the largest part of employment growth through births/deaths.
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Figure 3: Net births/deaths contribution to employment growth and estab. size

111

112

115

211
212

213

236

237

238

311 312

313

314
316

321

322

323

324

325

326

327

331

332

333

334

335

336

337

339

423

424

425

441

444

445

481

483

484

485

486

487

488

492

493

512

517

518

519

522

523
524

525

531

532

533

541

551

561

562

611

621

622

623

624

711

712

713

721

722

811

812

813

Corr. = 47%

0

2

4

6

8

10

12

14

16

18

20

C
o
n
tr

ib
u
ti
o
n
 (

in
 %

) 
o
f 
n
e
t 
b
ir
th

s
/d

e
a
th

s
to

 q
u
a
rt

e
rl
y
 e

m
p
lo

y
m

e
n
t 
g
ro

w
th

0 10 20 30 40 50 60 70 80 90 100

Employment share of small establishments (in %)

notes: The figure shows the contribution of net employment from births/deaths to quarterly employment
growth within each 3-digit NAICS industry, plotted against the share of employment within each industry
accounted for by small establishments (fewer than 50 employees). Data is weighted by employment. The
solid line is the OLS regression line (N = 72 3-digit NAICS industries). Source: Business Employment
Dynamics and Quarterly Census of Employment and Wages.

Finally, in Figure 3, we document a striking correlation between the importance of
establishment births and deaths for industry-specific employment dynamics and the size
distribution of establishments. Using quarterly data from the Business Employment Dy-
namics (BED), we first measure the contribution of net employment growth coming from
births/deaths to employment growth within each available 3-digit NAICS industry. Note
that, due to the higher frequency of measurement, these contributions are lower than in our
analysis of BDS data. We then correlate these with the employment share of small estab-
lishments (those with fewer than 50 employees) for each industry, which we obtain from the
Quarterly Census of Employment and Wages (QCEW). The strong correlation reported in
Figure 3 indicates that industries with mostly small establishments tend to be industries
where births/deaths play a relatively more important role in employment growth.
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3 Methodology

This section presents the methodology at a conceptual level. Section 3.1 describes the recur-
sive employment estimator, building on Kurmann et al. (2025), including the central problem
of distinguishing true business openings and closings from sample churn. Section 3.2 dis-
cusses the additional labor market statistics we construct—hours, wages, job flows, and gross
worker flow rates including recall—and explains why sample churn is a less direct concern
for these rate variables. Section 3.3 introduces the idea of prediction-based coverage exten-
sion based on business activity signals from a larger sample, with the full formalization and
implementation deferred to Section 6.

3.1 Employment Estimator

Consider estimating employment based on a sample of establishments from a private-sector
provider or a survey. Starting with a reference employment level Ê0 taken from adminis-
trative population data, the estimate for employment in period t is computed recursively
as

Êt = Êt−1 ×

∑
i ωi

(
ê
Ai,t

i,t + ê
Oi,t

i,t

)
∑

i ωi

(
ê
Ai,t

i,t−1 + ê
Ci,t
i,t−1

) (1)

where ωi are sampling weights for cell i (e.g., industry × size class × region) constructed
to make the cells representative of the population; ê

Ai,t

i,t is employment of establishments
active in both t and t− 1; êOi,t

i,t is employment gains from establishments newly opening or
reopening in t; and ê

Ci,t
i,t−1 is employment losses from establishments closing in t.

The central challenge is to distinguish true business openings and closings from sample
churn—establishments entering or exiting the data provider’s platform without any change in
underlying business activity. As shown in Kurmann et al. (2025), naive treatments of sample
entry and exit (either treating all entries and exits as openings and closings, or ignoring them
entirely) can generate employment estimates that differ dramatically from properly adjusted
estimates if the underlying sample frame is expanding or contracting. Following Kurmann
et al. (2025), we adopt the following framework to estimate employment gains from openings
and losses from closings as

ê
Oi,t

i,t =
∑
ℓ∈i

p̂(Oℓ,t | entryℓ,t)× θO
i,t × eℓ,t, (2)

ê
Ci,t
i,t−1 =

∑
ℓ∈i

p̂(Cℓ,t | exitℓ,t)× θ C
i,t × eℓ,t−1, (3)
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where p̂(Oℓ,t | entryℓ,t) and p̂(Cℓ,t | exitℓ,t) are the estimated probabilities that establishment
ℓ is a true opening or closing conditional on entering or exiting the sample; and θO

i,t and θ C
i,t

are adjustment factors to correct for possible selection and measurement issues that could
arise if (i) establishments in the sample have systematically different propensities to be true
openings or closings than in the population; (ii) the independent sources used to estimate
opening and closing probabilities are not fully representative; or (iii) the information from
these sources contains systematic measurement error.

Estimating opening and closing probabilities

In Kurmann et al. (2025), opening and closing probabilities were estimated by matching
Homebase establishments to independent information on business activity from Google
Places and Facebook postings. For entrants with no evidence of prior business activity
in these sources, p̂(Oℓ,t | entryℓ,t) = 1 was assigned; for entrants with documented prior
activity, p̂(Oℓ,t | entryℓ,t) = 0; and unmatched entrants received the cell-average proba-
bility. For exits, establishments that re-entered the sample within the estimation window
were classified as temporary closings (p̂(Cℓ,t | exitℓ,t) = 1); remaining exits were assigned
p̂(Cℓ,t | exitℓ,t) = 1 if Google Places recorded a closure or Facebook showed no posting activ-
ity, and p̂(Cℓ,t | exitℓ,t) = 0 otherwise; unmatched exits received the cell-average probability.

This approach had two key limitations. First, it faced a fundamental trade-off between
timeliness and accuracy: real-time estimates, which could only use information available up
to period t + s for small s, were prone to false positives and false negatives because exits
that would eventually re-enter the sample had not yet done so. Retrospective estimates were
more accurate but available only with a delay. Second, the approach was essentially limited
to businesses with physical store locations.

In this paper, we exploit two new, complementary approaches to estimating opening and
closing probabilities. The first relies on business activity information that is internal to the
payroll or scheduling platform itself: self-reported company creation dates, which indicate
whether a sample entrant is a genuinely new business or an existing one that recently adopted
the software, and self-reported reasons for leaving the platform—such as permanent closure,
switching to a competing provider, or seasonal shutdown—recorded for a subset of exiting
establishments. The second approach uses transaction data from payment processors as
an independent, high-frequency measure of business activity. Transaction data serve two
complementary roles: extending coverage of the probability estimates to establishments for
which platform-internal information are unavailable, and cross-validating those estimates
against an independent source. Section 4.2 describes the implementation and validation of
both approaches.
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Both approaches are likely observed at the moment or near sample entry or exit, thus
addressing the timeliness–accuracy trade-off that required the two-stage estimation in Kur-
mann et al. (2025). Furthermore, both approaches are applicable to business with and
without in-person customers.

Adjustment factors

Following Kurmann et al. (2025), the adjustment factors are calibrated over a reference
period 0 such that the implied birth and death rates match their population counterparts
from administrative data (BED/BDS) for the same period. The approach implicitly assumes
that selection and measurement issues remain stable between the reference period and the
estimation period.

For openings, the adjustment factor for cell i is allowed to vary over time as:

θO
i,t = θO

i,0 ×

(
nentry
i,t /nA

i,t

nentry
i,0 /nA

i,0

)−1

(4)

where nentry
i,t is the number of new entrants and nA

i,t is total sample size in cell i at time t.
This time variation, which is akin to inverse probability weighting, accounts for the fact that
entry rates can change significantly with sample size. For instance, if a sample expansion
doubles the rate of entry while average opening probabilities remain unchanged, employment
gains from openings would spuriously double as well. The adjustment factor in (4) controls
for this by scaling inversely with the relative entry rate.

For closings, the adjustment factor remains fixed at its reference-period value:

θ C
i,t = θ C

i,0 (5)

since exit rates are naturally bounded by the available sample size and do not exhibit the
same scale dependence as entry rates. The closing probabilities p̂(Cℓ,t | exitℓ,t) themselves
vary over time, but the adjustment factor does not need to be updated.

These adjustment factors can be updated whenever new administrative population data
(e.g., from the QCEW) become available. Conceptually, this updating procedure is analogous
to the benchmark revisions used in the CES, but applied at the much deeper industry–size
cell level as part of the opening and closing probability estimator.
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3.2 Other Labor Market Statistics

Another advantage of using longitudinally linked worker-firm level data from scheduling and
payroll processing providers is that it often allows one to construct high-frequency labor
market statistics of interest beyond employment such as gross hiring and separation rates
(including recall) as well as average hours worked and average wages. Importantly, these
statistics are rates or unit measures rather than levels. Sample churn therefore does not pose
a direct challenge as it does for total employment as long as the sample is representative
within cells. Furthermore, compositional change, which can be important during times of
disruptions, can be addressed by computing the statistics on a balanced panel of continuously
active establishments, respectively continuously employed workers. (Kurmann et al., 2025).
Section 5 provides details.

3.3 Prediction-Based Coverage Extension

A natural concern with any private-sector data source is coverage. For instance, the Home-
base payroll data we use in our application covers approximately 130,000 mostly small es-
tablishments per year across four service sectors. While substantial, this represents only a
fraction of the total small business population in those sectors.4 This raises questions about
the representativeness of the resulting estimates and limits the geographical granularity of
estimates that one can reliably produce.

To address these limitations, we develop a supervised prediction framework that exploits
other signals of business activity (e.g., geo-located visits based on cell-phone data or trans-
actions from payments processors) for a much larger universe of establishments of which the
available payroll data is a subset. The overlap between the two datasets allows us to esti-
mate a predictive mapping from activity signals to employment outcomes, which can then
be applied to the much larger universe of establishments for which only the business activity
signals are available. Aggregating the establishment-level predictions then yields employ-
ment estimates with substantially greater coverage that should be more representative and
can be analyzed at greater geographic granularity than the payroll data alone.

Section 6 contains a formal description of the prediction framework including a discussion
of potential caveats. Here, we provide a conceptual description of the coverage extension.

To formalize the description, it is useful to rewrite the recursive employment estimator
in equation (1) in terms of individual establishment contributions. For any establishment ℓ

4It should be noted that CES coverage of small establishments in these industries is likely considerably
smaller. See Kurmann et al. (2025).
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in cell i at time t, let

nℓ,t = eℓ,t · 1Aℓ,t∪Oℓ,t
, dℓ,t = eℓ,t−1 · 1Aℓ,t∪Cℓ,t

, (6)

where Aℓ,t, Oℓ,t, and Cℓ,t denote the events that establishment ℓ is active in both t−1 and
t, opens in t, or closes in t, respectively. The composite nℓ,t equals current employment if ℓ
contributes to the numerator of (1) and zero otherwise; dℓ,t equals lagged employment if ℓ
contributes to the denominator and zero otherwise. For establishments in the payroll sample,
these composites are computed using the opening and closing probabilities from Section 3.1.
Defining Ni,t =

∑
ℓ∈i nℓ,t and Di,t =

∑
ℓ∈i dℓ,t, equation (1) becomes

Êt = Êt−1 ×

∑
i

ωi Ni,t∑
i

ωiDi,t

. (7)

The extrapolation problem is to estimate Ni,t and Di,t for establishments not in the payroll
sample using observable signals of business activity from other sources.

We formalize this as a mass imputation problem (Kim and Rao, 2012; Yang et al., 2021).
Let L denote the labeled sample of establishments for which both the composite outcomes
(nℓ,t, dℓ,t) and a vector of activity signals xℓ,t are observed, and let L̄ denote the unlabeled
sample of establishments for which only xℓ̄,t is observed, with |L̄| ≫ |L|. We then train
prediction functions f̂n : x 7→ n̂ and f̂d : x 7→ d̂ on the labeled sample by minimizing
regularized empirical loss functions, with the regularization parameter and function class
selected by K-fold cross-validation (Kleinberg et al., 2015; Mullainathan and Spiess, 2017).
Their out-of-sample performance can be further assessed through out-of-time validation (i.e.,
training on an earlier period and forecasting a later one), which directly tests whether the
activity-to-payroll relationship is stable enough to support real-time estimation (Ginsberg
et al., 2009). Details of the estimation procedure, including the choice of f̂n and f̂d, are
deferred to Section 6.

Applying these prediction functions to the unlabeled sample yields imputed contributions
for each ℓ̄ ∈ L̄, which aggregate within cells to

N̂ L̄
i,t =

∑
ℓ̄∈ i

f̂n(xℓ̄,t), D̂L̄
i,t =

∑
ℓ̄∈ i

f̂d(xℓ̄,t−1). (8)

The prediction-based employment estimator then extends (7) to the combined labeled and
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unlabeled sample:

Ê extended
t = Ê extended

t−1 ×

∑
i

ωi

(
NL

i,t + N̂ L̄
i,t

)
∑
i

ωi

(
DL

i,t + D̂L̄
i,t

) , (9)

where NL
i,t =

∑
ℓ∈L∩i nℓ,t and DL

i,t =
∑

ℓ∈L∩i dℓ,t are the directly observed labeled contribu-
tions. As for the original estimator, the reference level Ê extended

0 is initialized from adminis-
trative population data covering the target population.

Two features about (9) are worth noting. First, it preserves the recursive ratio structure
of (1): unlabeled establishments enter symmetrically alongside labeled ones within each cell,
and the correction for sample churn embedded in Section 3.1 implicitly carries over to NL

i,t

and DL
i,t. This carry-over, however, applies cleanly only to unlabeled establishments contin-

uously present in the activity data across t− 1 and t. For unlabeled entrants and exits, the
activity data’s own sample frame dynamics create a potential identification problem that is
analogous to the one that we address in Section 3.1 for the payroll sample: it is not possi-
ble to cleanly determine from activity data alone whether an establishment’s appearance or
disappearance reflects a genuine business opening or closing, or merely a change in the data
provider’s client base. The coverage extension is therefore on stronger footing for the in-
tensive margin—employment levels, hours, wages, and worker flows of continuously present
establishments—than for the extensive margin of openings and closings. Second, consis-
tency of the extrapolated estimator requires that the conditional expectations E[nℓ,t | xℓ,t]

and E[dℓ,t | xℓ,t] be the same in the labeled and unlabeled populations, which is an assump-
tion that may fail if selection into the payroll sample is correlated with payroll outcomes
conditional on observables (Rao and Molina, 2015; Shimodaira, 2000). Section 6 discusses
both of these issues and possible remedies in detail.

4 Application with Homebase Small Business Data

To illustrate how the proposed methodology performs in practice, we use data from Home-
base, a scheduling and payroll software provider used primarily by small businesses. The
majority of these businesses operate in service sectors with a high propensity for in-person
interaction that are often most exposed to business cycles, including the disruptions and
stay-at-home orders at the beginning of the COVID-19 pandemic. As such, the application
with HB data represents an ideal testing ground.

We begin by describing the data and the construction of the estimation sample (Sec-
tion 4.1) and then turn to the estimation of opening and closing probabilities using new
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self-reported information on company creation dates and exit reasons (Section 4.2). We
validate the resulting estimates against administrative birth and death rates (Section 4.3)
and finally, we present employment estimates and compare against population counterparts
from the QCEW (Section 4.4).

4.1 Homebase Data

The Homebase data consist of anonymized daily records of individual hours worked and
wages of employees, linked longitudinally to the establishment where they work and the firm
that owns the establishment. The data is recorded in real-time through HB’s proprietary
software and is used by many of the businesses for payroll processing. HB provides free data
access to researchers and updates the data regularly with the latest observations.

The raw HB data contain between 200,000 and 250,000 distinct establishments per year;
however, many do not use HB regularly. We therefore retain establishments that appear
in HB for at least three consecutive weeks with at least 40 weekly hours worked across
their employees. Furthermore, we restrict the analysis to establishments with fewer than
50 employees, which comprises most of HB’s customers, in the following sectors where we
have the most coverage: Retail Trade (NAICS 44–45), Professional and Business Services
(NAICS 54-56), Leisure & Hospitality (NAICS 71 and 72), and Other Services (NAICS 81).5

According to official statistics, establishments with fewer than 50 employees accounted for
about half of all jobs across these four sectors and about 19% of all private-sector jobs prior
to the pandemic. Hence, our sample represents a sizable share of total employment.

An establishment in our sample is active in a given week if any of the employees register
positive hours. Weekly employment equals the sum of individuals with positive hours.6

5We use HB’s internal NAICS classification, which is available starting in December 2020. The HB data
also include a separate, less detailed industry classification that extends back to January 2018 (when the HB
data begin) and continues past December 2020. We use this classification to impute NAICS codes prior to
December 2020 by assigning, within each industry-geography cell, the most probable NAICS code as revealed
by the post-December 2020 data.

6While in Kurmann et al. (2025) our employment counts included active HB users with untracked hours
— presumably the owner or manager of an establishment — this information is not currently available in
the real-time HB data, and our measure of employment is therefore restricted to hourly employees.
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Table 1: Homebase sample counts

2022 2023 2024 2025

Mid-February base sample 81,817 (100%) 96,774 (100%) 108,493 (100%) 113,909 (100%)
Active in mid-Feb. 74,586 (91%) 88,444 (91%) 99,158 (91%) 104,170 (91%)
Temp. inactive in mid-Feb. 7,231 (9%) 8,330 (9%) 9,335 (9%) 9,739 (9%)

Exits without return 24,802 (30%) 28,766 (30%) 29,528 (27%) 31,898 (28%)
New entrants 45,046 (55%) 45,507 (47%) 38,819 (36%) 29,743 (26%)

Notes: The table shows counts of establishments from mid-February of each year to mid-February of the following year that belong to the

service-sector industries studied and have fewer than 50 workers when active in mid-February or when entering Homebase.

Table 1 presents the sample used in our estimations for each year starting with the 2022
data. The sample has been growing over time. For instance, the total sample for 2022 consists
of 81,817 establishments from the mid-February base sample together with the 45,046 newly
entering establishments for that year, yielding a combined sample size of 126,863. In 2025,
the resulting total sample size is 143,652 establishments. The underlying composition of the
mid-February samples is very stable over time, with about 9% of establishments temporarily
inactive in mid-February but active before and after this period.

Consistent with Kurmann et al. (2025), Table 1 highlights the substantial sample churn
that characterizes the HB data. Each year, almost 30% of the sample exits HB permanently,
which is far larger than yearly establishment exit rates in official population data. Similarly,
entry rates in HB samples are much larger than establishment entry rates in official data.

[A few words about representativeness.]

4.2 Estimating Opening and Closing Probabilities

A novelty of our empirical analysis in this paper is that we now have access to self-reported
company creation dates – indicating whether a sample entrant is a genuinely new business
or an existing one that recently adopted the software – and self-reported reasons for leaving
the platform – and specifically whether this is due to a permanent closure – directly within
Homebase. This allows us to estimate p̂(Oℓ,t|entryℓ,t) and p̂(Cℓ,t|exitℓ,t) in real-time directly
without relying on external source of information.

Table 2 reports the estimated probabilities averaged over the sample period. First, con-
sistent with our earlier analysis in Kurmann et al. (2025), true openings and closings condi-
tional on entering or exiting Homebase account for only a small share of all entries and exits.
Second, there is substantial heterogeneity across sectors. For example, in Professional and
Business Services, fewer than 7% of entering businesses are truly new, compared with nearly
19% in Leisure and Hospitality. Third, in Leisure and Hospitality, the probability of closing
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Table 2: Opening and closing probabilities

p̂(Oℓ,t|entryℓ,t) p̂(Cℓ,t|exitℓ,t)

Retail Trade 12.2% 13.3%
Professional and Business Services 6.9% 7.3%
Leisure and Hospitality 18.5% 11.1%
Other Services 8.9% 10.3%

Notes: The table shows the average estimated probability of true opening or closing con-
ditional on entering or exiting the Homebase sample.

conditional on exit differs markedly from the probability of opening conditional on entry. As
a result, treating all entries and exits as openings and closings under the assumption that
these effects offset each other would introduce substantial bias, at least in this sector.

Table 3: Birth and death adjustment factors

θOi,0 θCi,0
Small Larger Small Larger

Retail Trade 2.78 0.44 4.64 1.03
Professional and Business Service 7.83 1.50 9.71 3.33
Leisure and Hospitality 2.65 1.36 6.61 3.80
Other Services 4.59 0.59 9.05 1.72

Notes: The table shows the adjustment factors calibrated to match BED/BDS establish-
ment birth and death rates, separately for smaller establishment (1-4 employees) and larger
establishments combined (5-49 employees).

Next to opening and closing probabilities, we report in Table 3 the adjustment factors
for births and deaths (see Section 3 for details) calibrated to replicate the BED/BDS coun-
terparts. For simplicity, in this table we group establishments into two groups: small, with
1-4 employees, and larger establishments. The key point is that smaller establishments are
typically assigned a larger adjustment factor to reproduce the much higher births and deaths
rate for this category.

4.3 Validation Against Administrative Birth and Death Rates

Figure 4, panel (a), compares the new opening rates from our HB data, together with the
corresponding opening rates from the combined BED/BDS data.7 To facilitate compar-
isons, each weekly Homebase rate is converted to the quarterly frequency. Recall, more-

7Since the BED does not report statistics by establishment size class, we use data from the BDS to
construct conversion factors by industry and size class that we apply to BED opening and closing rates.
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over, that our adjustment factors are calibrated to make the quarterly HB rates match the
BED/BDS counterparts – which is visible in the comovements of the two lines. Not sur-
prisingly, the Homebase estimates show larger movements that are somewhat muted in the
quarterly BED/BDS rates.

Figure 4, panel (a), compares the new opening rates from our HB data with the cor-
responding opening rates from the combined BED/BDS data.8 To facilitate comparisons,
each weekly Homebase rate is converted to the quarterly frequency. Recall, moreover, that
our adjustment factors are calibrated to make the quarterly HB rates match the BED/BDS
counterparts — which is visible in the comovements of the two lines. Not surprisingly, the
Homebase estimates display larger movements than the more muted quarterly BED/BDS
rates.

Likewise, panel (b) compares the closing rates from HB with the combined BED/BDS
data. Here, the higher frequency movements from HB become very pronounced: while on
average the HB line matches the BED/BDS counterpart, it appears to be below in most
weeks. What is equally striking is the spike in business closings right at the onset of the
COVID pandemic very well captured by Homebase. Importantly, as discussed momentarily,
such closures include both permanent as temporary business closures. This feature explains
why, according to the Homebase estimate, we also observe an uptick in business closures at
the end of the sample period.

Figure 5 complements Figure 4 by reporting cumulative new opening and closing rates
for selected years in our data – the most recent years, and the 2020 COVID period for
comparison.

Beginning with cumulative new opening rates (panel (a)), it appears clearly that 2025
shows reduced rates of new opening, closer to 2020 rates than the higher rates of new opening
that have prevailed after the COVID recession. Note that this slowdown is only partially
visible in the BED/BDS data at the end of 2024 (Figure 4).

For total closing rates (panel (b) in Figure 5), by contrast, the series appears stable and
broadly comparable to the rates observed in the years following the COVID recession. The
figure also provides an important qualification to the spike in business closings at the onset
of the pandemic reported in Figure 4: most of these closures were temporary,9 such that the
total closing rate by the end of 2020 was not significantly different from that at the end of
other years in our sample.

In sum, if correct, the HB estimates in Figure 5 give an early sign of a slowdown in small
8Since the BED does not report statistics by establishment size class, we use data from the BDS to

construct conversion factors by industry and size class that we apply to BED opening and closing rates.
9We calculate that only about one third of all closings in mid-March were permanent.
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Figure 4: New business opening and closing rates: Homebase vs. BED/BDS data

(a) New opening rates
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Homebase BED/BDS

(b) Closing rates
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Homebase BED/BDS

notes: The figure shows new opening and closing rates for small businesses for in the four sectors com-
bined (Retail Trade, Professional and Business Services, Leisure and Hospitality, and Other Services) in
Homebase and combined BED/BDS data. The Homebase weekly estimates are converted to the quarterly
frequency and smoothed using a two-period, two-sided MA filter. The gray-shaded areas indicate the
COVID pandemic period.
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Figure 5: Cumulative new opening and closing rates

(a) Cumulative new opening rates
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(b) Cumulative closing rates
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notes: The figure shows Homebase new opening and closing rates for small businesses in the four sectors
combined (Retail Trade, Professional and Business Services, Leisure and Hospitality, and Other Services).
All rates are computed as a % of the total count of active businesses in mid-February (week 0) of each
year.
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business dynamics along the entry margin – which at the time of this writing cannot be
detected in administrative data.

4.4 Small Business Employment

Figure 6 presents our weekly employment estimates separately for each four sectors – Retail
Trade, Professional and Business Services, Leisure and Hospitality, and Other Services. In
each plot, the red square in mid-February of each year is the QCEW employment count for
small establishments. By construction of our recursive employment estimator (see equation
(1)), the HB estimate for that year onward starts off from the QCEW data point.

Consider first our employment estimates for Retail Trade, starting with year 2022. Em-
ployment increases during the first two quarter, then stabilizes before dropping around the
Christmas period, and remaining lower in January 2023. By the time of rebasing, i.e. mid-
February 2023, the estimates comes very close to the new QCEW employment count. The
same holds true for Retail Trade employment estimates in the following years.

Turning to the other sectors in Figure 6, we note that the fit to QCEW employment counts
for Professional and Business Services is perfect for 2023, while there is a slight undercount
for 2022 and a slight overcount for 2024. Similarly, small discrepancies arise for Leisure and
Hospitality in some years. Performance is less satisfactory for Other Services, where the
employment estimate overstates the next QCEW data point in each year, generating a clear
discrepancy at the time of rebasing.

Overall, however, given the very large within-year variation in employment – presumably
reflecting strong seasonal patterns for small establishments in these industries – the fit to
the QCEW data is remarkable.

5 Other Labor Market Statistics

This section presents results on the additional labor market statistics introduced conceptually
in Section 3.2: average hours per worker and hourly wages (Section 5.1), gross job creation
and destruction rates (Section 5.2), and gross hiring and separation rates including recall
(Section 5.3).

5.1 Hours and Wages

To estimate average hours per worker and average hourly wages, we follow Section 2.3 of
Kurmann et al. (2025) and construct the measures on a balanced panel of continuously
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Figure 6: Weekly employment estimates
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active establishments. By restricting to continuously active establishments, we abstract
from compositional change due to sample entry and exit and isolate the intensive-margin
adjustment. Specifically, let Bt0,t1 denote the set of establishments continuously active from
period t0 through t1. Average hours per worker in period t ∈ [t0, t1] is:

ĥt =

∑
i ωi

∑
ℓ∈Bt0,t1∩i

hℓ,t∑
i ωi

∑
ℓ∈Bt0,t1∩i

nℓ,t

(10)

where hℓ,t denotes total hours worked at establishment ℓ, nℓ,t is employment, and ωi are
sampling weights as before. Average hourly wages are computed analogously by replacing
hours in the numerator with total wages paid. The length of the balanced-panel window
[t0, t1] involves a trade-off: longer windows produce a smaller balanced panel, while shorter
windows limit the horizon over which dynamics can be tracked.

Figure 7 presents our Homebase estimates along with the CES estimates for comparison,
where the latter comprise businesses of all sizes in the corresponding sectors. Note that the
CES estimates at the beginning of the sample period serve as the reference level for the
recursive formula in (10) — which effectively assumes that average weekly hours and hourly
wages are independent of establishment size.

Panel (a) reveals significant week-to-week variation in hours per worker in small busi-
nesses, as well as a substantial increase in hours per worker at the beginning of the COVID
pandemic period. It is worth recalling that, unlike the CES estimates (which show little
change during this period), our HB estimates control for compositional changes in active
establishments and in workers employed within those establishments. Turning to Panel (b),
we observe something of a divergence between the HB small-business hourly wage and the
CES all-size estimate after the pandemic. The trend in the two series, however, is similar, in-
dicating that small businesses slowed wage growth at the end of the pandemic but eventually
kept up with overall wage growth.

5.2 Job Creation and Destruction

Job creation and destruction rates decompose net employment change into gross flows.
For establishments active in the sample, gross job creation in period t in cell i is JCi,t =∑

ℓ∈i max(∆eℓ,t, 0) and gross job destruction is JDi,t =
∑

ℓ∈i |min(∆eℓ,t, 0)|, where ∆eℓ,t =

eℓ,t − eℓ,t−1. Following Davis et al. (1996), we express these as rates by normalizing with
the average of cell employment in t and t − 1, which accommodates both entry and exit.
The flows can be further decomposed into intensive-margin contributions (from continuing
establishments) and extensive-margin contributions (from openings and closings, using the
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Figure 7: Average weekly hours and hourly wages

(a) Average weekly hours
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(b) Hourly wages
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notes: The figure shows average weekly hours (panel (a)) and hourly wages (panel (b)) of employees in the
four sectors combined (Retail Trade, Professional and Business Services, Leisure and Hospitality, and Other
Services). The small business estimates are constructed from Homebase for employees who are continuously
employed. The all size business estimates are from the CES and average weekly hours and hourly wages
include all employees. None of the estimates are seasonally adjusted. The gray-shaded areas indicate the
COVID pandemic period.
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methodology of Section 3.1).
In Figure 5, we have documented a slowdown new establishment opening rates in 2025,

and in Figure 9 below we further document a slight decline in new hiring rates that predates
2025. We find that this affects mostly employment in Leisure and hospitality. This pattern
seems to line up well with data from the Job Openings and Labor Turnover Survey (JOLTS).
As shown in Figure 8 (looking at net job creation rates, i.e. the difference between the new
hiring and total separation rates, for which the frequency of measurement – weekly vs.
monthly – does not affect the comparison), this industry has been experiencing a slight
slowdown since the pandemic, while the other three industries in this plot have experienced
stable rates of net job creation. Another interesting pattern in Figure 8 is that the Homebase
estimates seem to exhibit a positive lead with respect to the JOLTS net job creation series.

5.3 Gross Hiring, Separation, and Recall Rates

The Homebase data link individual workers longitudinally to establishments, which allows
us to compute gross hiring and separation rates that are conceptually distinct from job
creation and destruction. A hire occurs when a worker first appears at an establishment in
period t after being absent in t − 1; a separation when a worker present in t − 1 no longer
appears in t. The difference between aggregate gross hires and gross separations equals
net employment change, but the gross flows are typically much larger because of constant
within-establishment churn even in the absence of net employment change.

The worker-level panel structure also allows us to identify recalls : separations followed
by a re-hire of the same worker at the same establishment within a specified window. Letting
Hi,t denote total hires and Hrecall

i,t denote hires that are recalls of previously separated workers
at the same establishment, the recall rate is Hrecall

i,t /Hi,t. Recalls are particularly relevant
in the sectors covered by Homebase, where temporary layoffs and seasonal employment are
common; treating recalled workers as new hires would overstate true worker reallocation and
obscure the distinction between adjustment along an existing worker-establishment match
and the formation of new matches.

Figure 9 presents new hires, recalls, job separations, and excess turnover rates in small
businesses for the four sectors combined. Panel (a) shows a slight downward trend in weekly
hiring rates. At the same time, recalled workers account for an increasing share of total hires
since the pandemic (panel (c)), implying that rates of new hires have declined substantially
in recent years. Total job separation rates, by contrast, are stable or only mildly decreasing,
but they include separations of workers who are subsequently recalled. In light of the rise in
recalls, this suggests that permanent separation rates have also declined after the pandemic.
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Figure 8: Net job creation rates
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filter. The JOLTS estimates are seasonally adjusted.

Taken together, these patterns point to a shift in worker turnover toward a greater role for
recalls relative to new hires and permanent separations.

6 Prediction-based Coverage Extension

This section describes the details of how to implement the supervised prediction framework
introduced conceptually in Section 3.3 and presents the resulting prediction-based estimates.
Section 6.1 introduces the notation and describes the labeled and unlabeled samples. Sec-
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Figure 9: New hires, recalls, job separations, and excess turnover in small businesses

(a) Weekly rate of hires and recalls
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(b) Weekly rate of total job separation
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(c) Share of recalls in weekly hires
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(d) Weekly rate of excess turnover
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notes: The figure shows weekly rates of new hires and recalls, job separation, share of recalls in weekly
hires, and weekly excess turnover rates in the four sectors combined (Retail Trade, Professional and
Business Services, Leisure and Hospitality, and Other Services). The weekly estimates are smoothed
using a two-period, two-sided MA filter. The gray-shaded areas indicate the COVID pandemic period.

tion 6.2 formalizes the prediction objective. Section ?? addresses the covariate shift problem
that arises when extending estimates from a selected sample to a broader population. Sec-
tion ?? describes the construction of aggregate estimates from establishment-level predic-
tions, and Section 6.5 presents the implementation, validation, and extrapolated estimates.
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6.1 Setup

Section 3.3 conceptualized the prediction-based coverage extension and introduced the ex-
tended employment estimator (9), which is reproduced here for convenience:

Ê extrap
t = Ê extrap

t−1 ×

∑
i

ωi

(
NL

i,t + N̂ L̄
i,t

)
∑
i

ωi

(
DL

i,t + D̂L̄
i,t

) , (11)

where Ni,t =
∑

ℓ∈i nℓ,t and Di,t =
∑

ℓ∈i dℓ,t denote the contributions from the labeled (ob-
served) sample L of payroll establishments matched to business activity data xℓ,t; and
N̂ L̄

i,t =
∑

ℓ̄∈ i f̂n(xℓ̄,t) and D̂L̄
i,t =

∑
ℓ̄∈ i f̂d(xℓ̄,t−1) denote the contributions from the unla-

beled sample L̄ of establishments for which only the business activity data xℓ̄,t is available.
The goal is to train prediction functions f̂n : x 7→ n̂ and f̂d : x 7→ d̂ from the labeled

sample and apply them generate predicted outcomes f̂n(xℓ̄,t) and f̂d(xℓ̄,t) for all ℓ̄ = 1, . . . , L̄.
This is a standard supervised learning prediction problem as formalized in the machine
learning literature and discussed in the economics context by Kleinberg et al. (2015) and
Mullainathan and Spiess (2017).

6.2 Prediction Objective and Model Selection

Each prediction function f̂n and f̂d is chosen to minimize expected out-of-sample prediction
error. Formally, let F denote a class of candidate functions and let L(y, ŷ) denote a loss
function measuring the discrepancy between the true outcome and the prediction. For each
j ∈ [n, d], the objective is:

f̂j = arg min
fj∈F

E
[
L
(
y, fj(x)

)]
, (12)

where the expectation is over the joint distribution of (y,x) in the target population.
For continuous outcomes such as employment, the natural loss function is squared error,
L(y, ŷ) = (y− ŷ)2, and the optimal predictor is the conditional expectation f ∗(x) = E[y | x].
The choice of function class F determines the flexibility of the prediction model. We consider
several candidates: penalized linear regression (LASSO, ridge), random forests (Athey and
Imbens, 2019), and gradient-boosted regression trees.

Since the true joint distribution is unknown, f̂ is estimated by minimizing a regularized
empirical loss over the labeled sample:

f̂j = arg min
fj∈F

1

L

L∑
ℓ=1

L
(
yℓ, fj(xℓ)

)
+ λ ·R(fj) (13)

27



where R(fj) is a regularization penalty that controls the complexity of fj and λ > 0 is
a tuning parameter selected by K-fold cross-validation. As emphasized by Mullainathan
and Spiess (2017), the regularization term distinguishes the prediction objective from stan-
dard econometric estimation: it introduces deliberate bias in exchange for reduced variance,
thereby improving out-of-sample performance.

The regularization parameter λ and the choice among function classes are selected by
K-fold cross-validation on L, minimizing held-out prediction loss. We further assess tempo-
ral stability via out-of-time validation: the model is trained on an earlier sub-period of L
and evaluated on a later one, directly testing whether the activity-to-payroll relationship is
sufficiently stable to support real-time estimation (Ginsberg et al., 2009).

6.3 Sample Churn in the Unlabeled Activity Data

A complication arises for unlabeled establishments that enter or exit the activity data sample
frame between t− 1 and t. For such establishments, one of xℓ̄,t or xℓ̄,t−1 is unobserved, and
it is not clear whether these entries or exits reflect a genuine business opening or closing, or
merely a change in coverage (e.g., because a payments processor acquires new clients or loses
existing ones). This is precisely the sample churn problem that Section 3.1 addresses for the
payroll sample, where self-reported creation dates and exit reasons provide intrinsic signals
of true business status at the moment of entry or exit. No equivalent internal signals exist
for the unlabeled activity data, and treating all entries and exits as openings and closings
potentially gives rise to exactly the measurement problems that motivates the methodology
of Section 3.1.

That said, the sample churn issue is likely to be a quantitatively smaller issue for the
typically much larger business activity data frames, simply because these samples already
cover a large portion of the population. Indeed, for continuously active unlabeled establish-
ments, both xℓ̄,t and xℓ̄,t−1 are observed, and the composite outcome estimates f̂n and f̂d

can be applied directly. For entrants and exits, in turn, we can at least partially address the
issue through two complementary approaches.

First, we can exploit the information content of activity signals themselves. If more
than one independent activity signal is available (e.g., if we have access to both visits and
transactions data), then we can compare the signals: if an establishment enters or exits the
datasets simultaneously, respectively if the different signals comove strongly, then it is far
more likely that they reflect a genuine opening or closing than churn. If instead only one
activity signal is available, then we can leverage temporal patterns in activity levels around
the moment of entry or exit. Suppose, for instance, that true closings in the labeled sample L
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are systematically preceded by declining visit counts or transaction volumes, while platform
exits due to provider churn tend to show no such deterioration; and that conversely, true
openings in the labeled sample exhibit a systematic ramp-up in activity following entry,
while new client acquisitions by the data provider do not. Then we can use this information
to train a status classifier on L and apply it entrants and exits in the unlabeled sample L̄
to estimate the probability that each represents a genuine business event. This approach
directly parallels the use of creation dates and exit reasons in Section 3.1, replacing intrinsic
payroll signals with learned activity-based signals. Its limitation is that the classifier is
trained on Homebase businesses, whose exit dynamics may differ from churn dynamics in
transaction or visits data, where provider client acquisition and attrition follow different
patterns. The cross-dataset corroboration strategy is more robust but applies only to the
subset of L̄ covered by multiple independent providers.

The second approach bypasses establishment-level classification entirely and instead cal-
ibrates the aggregate extensive margin contribution of the unlabeled sample to population-
level benchmarks. Specifically, we can extend the cell-level adjustment factors θOi,t and θCi,t

from Section 3.1 to the unlabeled sample, constraining the implied birth and death rates to
match their administrative counterparts from the BED and BDS. This is conceptually similar
to the CES birth-death model, though applied at a considerably more disaggregated level—
by cell i rather than broad industry division—and using contemporaneous activity signals to
distribute the calibrated totals across establishments within each cell. The approach has an
important limitation, however: the adjustment factors are calibrated to administrative data
that become available only with a lag, and the implicit assumption that the relationship
between sample entry/exit and true business dynamics is stable over time may break down
precisely when it matters most—at sharp cyclical turning points, where the composition
of exits between true closings and platform churn may shift rapidly. This is analogous to
the well-documented failure of the CES birth-death model around recessions (Decker, 2026),
albeit at a much more detailed level of aggregation.

6.4 The Key Identifying Assumption

A key concern in applying f̂ out-of-sample is that the labeled sample (Homebase establish-
ments) and the unlabeled target population (all small business POIs) may be drawn from
different distributions. In the machine learning literature, this is known as covariate shift :
the marginal distribution of features differs between the training and target populations,
Ptrain(x) ̸= Ptarget(x), even if the conditional relationship P (y | x) is the same across the
two populations (Shimodaira, 2000). The extrapolated estimator (9) is consistent provided
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that the conditional expectations E[nℓ,t | xℓ,t] and E[dℓ,t | xℓ,t] are the same in the labeled
and unlabeled populations—that is, that the activity-to-payroll mapping P (y | x) is stable
across establishments regardless of whether they belong to the payroll sample. Differences
in the marginal distribution of features P (x) between L and L̄ do not themselves bias the
predictions; as long as P (y | x) is homogeneous, f̂ trained on the labeled sample remains
a valid predictor for the unlabeled population (Shimodaira, 2000; Yang et al., 2021). The
stability of P (y | x) is economically plausible: visit counts, dwell times, and transaction
volumes are physical signals of business operation that should map to employment similarly
across establishments with comparable activity profiles, regardless of which scheduling plat-
form they use. Nonetheless, this is an assumption that is not directly testable and constitues
the the primary threat to the validity of the proposed extended estimator.

We assess its plausibility in two ways. First, we test whether the activity-to-payroll rela-
tionship is stable across observable subgroups of L—by industry, size, geography, and tenure
in the payroll sample—which would be violated if selection into the payroll sample were cor-
related with P (y | x). Second, we benchmark the aggregated extrapolated estimates against
QCEW and BED population totals; systematic discrepancies would indicate either violations
of P (y | x) homogeneity or errors in the activity data. Where the marginal distribution of x
differs substantially between L and L̄, we additionally apply importance reweighting (Shi-
modaira, 2000) as a variance-reduction device, improving prediction precision in regions of
feature space where the labeled sample is sparse relative to the target population.

6.5 Implementation, Validation, and Results

Work in progress...

7 Conclusion

Work in progress...
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