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Beyond arrests: How ICE enforcement depressed local 
employment in 2025 

Appendices: Robustness and tables 
Several additional analyses reinforce the interpretation that the employment shortfall 
reflects the local enforcement surge rather than a modeling artifact or an unrelated 
economic shock. 

Appendix A: Testing the pre-surge trend 
Our preferred estimation method relies on the assumption that the pre-trend differences 
between surge and control cities observed in the year prior to enforcement (shown in 
Figure 1) would have continued absent enforcement. Though a reversal of a year-long trend 
precisely at the time of enforcement is unlikely, we test this assumption with an estimate 
using synthetic controls, which builds each surge cohort’s counterfactual from a weighted 
blend of comparison cities rather than from the trend extrapolation. Figure 4 shows that the 
synthetic control estimates produce the same substantive pattern though with somewhat 
smaller magnitude.  

Figure 4: Results are robust to a synthetic control test  

 

Though this approach arguably better captures the counterfactual post-surge employment 
path, it also likely gives a conservative estimate because the comparison cities given the 
greatest weight are those that share a pre-period trajectory similar to surge cities’ 
trajectories. Since this may be correlated with ICE arrests, it is possible that heavily 
weighted comparison cities were themselves subject to ICE enforcement to a lesser extent 
than surge cities, but to a greater extent than the average of the 277 control cities, whose 
employment trajectories determine the counterfactual for our preferred specification. In 
the synthetic controls approach, if employment in these closely matched comparison 
cities was also dampened by ICE enforcement, using them to form the counterfactual 
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artificially narrows the gap between them and surge cities, yielding a more conservative 
estimate of the employment shortfall. 

Figure 5: Employment declines remain after accounting for each metro’s pre-surge 
trend. 

 

Figure 5 compares the CS estimates (shown in Figure 1 and in Figure 5’s left panel) to 
estimates obtained after subtracting each city’s pre-surge employment trend (right panel). 
By contrast, the headline estimates are made in comparison to an extrapolation of the 
average pre-surge difference in employment trajectories between surge and control cities. 
Along with the synthetic controls estimates, results indicate that the main result is not an 
artifact of pre-existing differences in employment trends between surge and comparison 
cities. 

Figure 6: How far the trend can bend before results are made insignificant

 
 

Figure 6 shows results of a test following Rambachan and Roth (2023) that curves the trend 
to ask how far it would need to bend before the results became insignificant. Estimates at 
six months remain significant even if the post-surge trend deviates from its linear 
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extrapolation by up to M = 0.0025 percentage points per month between consecutive 
months. 

Appendix B: Estimating a trend break and testing its significance 
Visually, Figure 1 shows a clear break in the trajectory of surge and control cities’ relative 
employment. Figure 7 shows the results of a formalization of that visual pattern into a 
statistical test. We fit a piecewise-linear model to the CS event-study coefficients with a 
trend break specified at the month ICE enforcement began. 

Figure 7: Trend break analysis shows significant downturn when enforcement begins.  

 

The figure shows that before enforcement arrived, employment in surge cities was growing 
relative to control cities at a rate of about 0.41% annually (0.034% per month) the year 
before the onset of ICE enforcement. Afterward, surge cities lose employment relative to 
comparison cities at a rate of about 0.47% annually (0.039% per month) during the first six 
months after enforcement onset. The estimated change in slope is -0.073 percentage 
points per month (95% confidence interval: −0.12 to −0.02). Figure 7 also shows a joint 
confidence band (shaded red) around the fitted path showing range within which the entire 
post-surge path (as opposed to individual estimates) falls with 95% probability. This is the 
appropriate test of whether employment moved off its prior trajectory over the post-surge 
window. 

The trend-break model in Figure 7 places the break at the month of each city's actual surge. 
Figure 8 shows results of a “knot scan” test, which repeats the trend-break analysis while 
varying the placement of the break across months to confirm that the sharpest change in 
trajectory falls at, or in the months immediately following, the surge's actual onset rather 
than at some other point elsewhere in the window.  
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Figure 8: Testing alternative trend break locations shows salience of months 
immediately following enforcement. 

 
The top panel of Figure 8 shows how the degree to which the slopes of the two line 
segments differ varies with the placement of the break over each month in the event 
window. The bottom panel shows the results of measuring how well the trend-break model 
fits the CS estimates for each of the same trend break placements. If the break were 
coincidental, or if it reflected some unrelated shift in the data, the best-fitting kink would 
fall elsewhere. Instead, the trough shows the trend-break model best fits the data when 
placed shortly after enforcement. 

Figure 9: Random control treatment group assignment 
1,000 reshuffles of which metros got an arrest surge
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Figure 9 shows the results of a randomization-inference test that asks how often an effect 
as large as the one we observe would arise purely by chance. That is, could a break this 
large arise between two arbitrary groups of cities, entirely by chance? We construct 1000 
random, “placebo” assignments of surge and control cities and then repeat the estimation 
(right panel) as well as the trend-break estimations (left panel). For both methods, the 
estimated effect (or trend break) based on actual, arrest-based surge and control group 
assignments is substantially more negative than one in 200 random placebo assignments. 

Appendix C: Estimate of American-born employment shortfall 
Recent literature on immigration enforcement gives independent justification to expect 
that a substantial share of the missing jobs would have been held by U.S. born workers. 
Extrapolating from Studies of Secure Communities (Zipper 20205) found that a significant 
share of total job loss fell on U.S. born workers with estimates falling between 44% over all 
sectors, 38% for construction, and 81% for childcare. 

The QCEW data used in this analysis measure payroll employment and do not identify 
nativity. As such, the data do not allow estimates of how many of the missing jobs in our 
results would have been held by American-born workers. However, as shown in Table 1, 
applying Cox and East’s (2026) results implies that roughly 900 jobs missing in the median 
surge city would have been held by American-born men.  

Using CPS data, Cox and East estimate that state and sub-state-level ICE enforcement 
reduced the employment rate of American-born men by 0.65% (0.6pp on a 92.8% base) 
after the onset of enforcement in 2025. We estimate that there are around 140,168 U.S.-
born men working in the typical surge city, derived by looking at the share of U.S. born men 
from ACS data in the surge metros in our panel applied to total payroll jobs in the median 
surge city.  
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Table 1: An estimate of lost jobs that would have been held by American-born workers   

 

This estimate should be interpreted cautiously. It is a scale comparison across two studies 
with different samples, outcomes, and treatment definitions. Cox and East estimate an 
average effect over the first six months following enforcement, whereas our estimate 
measures the employment shortfall at month six. Cox and East count an individual as 
employed only if they report for work in the prior week, so a worker who keeps their job but 
stays home counts as not employed, whereas the payroll-based QCEW data would count 
the same worker as employed. 

Appendix D: Determining the job shortfall relative to arrests 
We estimate cumulative excess arrests in the average treated metro using the same 
unweighted Callaway-Sant'Anna specification with arrests per worker as the outcome, 
summing the average treatment effects over event times zero to six.   

Enforcement intensity has one extreme outlier: Laredo, TX, a small border metro with a 
workforce of roughly 107,000, experienced about 56 excess arrests per 1,000 workers over 
this window, more than 11 times the rate of the next highest metro (Alexandria, LA, at 4.8). 
Under unweighted aggregation, a single observation of this magnitude would dominate the 
panel-wide average. We therefore winsorize arrest intensity at the second-largest order 
statistic: Laredo's arrests per worker are set equal to the next-highest metro's rate, and its 
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monthly arrest counts are rescaled proportionally. The resulting estimate is nearly identical 
to the estimate excluding Laredo altogether. 

Appendix E: Estimates by month and under alternative specifications 
Table 2 tracks how the employment shortfall evolves month by month after a local 
enforcement surge. The first and second columns show estimates from the CS event study 
relative to a linear extrapolation of the pre-surge trend. The first, main specification uses a 
conventional OLS projection, while the second uses Rambachan and Roth’s (2023) 
framework to produce more precise estimates by incorporating the estimated covariance 
across months. Columns three and four show results derived by imposing a linear trend 
break at the surge month (Appendix B) to show the employment shortfall implied by that 
change in relative employment trajectories, with column three showing the post-surge 
trend estimated over the balanced six-month window, while column four shows results 
derived from the full panel. 

Table 2 

 
Note: Estimates are percentage differences in payroll employment relative to the counterfactual. “C-S” gives 
the cohort-aggregated, staggered, dynamic differences-in-differences estimate assuming no pre-surge trend. 
The next two columns report the gap between that estimate and the employment path implied by the fitted 
pre-surge trend, using conventional OLS inference and Rambachan–Roth fixed-length confidence intervals 
under 𝑀𝑀=0, respectively. The final two columns report the shortfall implied by the change in slope after surge 
onset using the balanced six-month panel and unbalanced panel, respectively.  
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Table 3 shows the stability of the main result over several specifications reflecting choices 
made in the analysis: Surge city definition, seasonal adjustment, pre-surge trend 
adjustment, and control-pool composition. Defining surge cities by absolute arrests alone, 
per worker arrests alone, or their intersection all give results in the same direction with 
similar in magnitude. 

Estimates using X-13 are more precise than those using calendar-month fixed effects, 
because the latter cannot capture seasonal patterns that grow or shrink year over year and 
so leave more seasonal noise in the estimates. Seasonal factors are estimated between 
January 2019 and December 2024 and applied to the full series with X-13’s automatic 
outlier detection enabled to prevent pandemic employment from distorting the pattern. 
Ending the calibration window before any 2025 enforcement surges occur ensures the 
seasonal adjustments do not absorb any employment decline caused by enforcement. 
And applying the pre-estimated seasonal factors to the full 2025 series then ensures that 
subsequent effect estimates can capture effects that may themselves vary with time of 
year (as opposed to estimating a specification that includes month fixed effect terms). 

Estimates are broadly similar in magnitude whether surge cities are defined by absolute 
arrests, per worker arrests, or the intersection of the two, as are estimates from alternative 
control groups that drop single-rule surge metros, drop controls bordering a surge metro, or 
restrict the control pool to lower-arrest cities. As a final test, the placebo result shows that 
shifting surge onsets back 12 months produces a null result, which ought to be the case if 
the main result reflects effects of an enforcement surge rather than a spurious feature of 
the data or research design. 
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Table 3 

 

 
Note: The main specification defines surge cities as those in the top quartile of 2024-2025 growth in both at-
large ICE arrests and at-large arrests per worker using X-13 seasonally adjusted QCEW employment 
(Intersection, X-13) with effects estimated using the Callaway–Sant’Anna staggered difference-in-differences 
procedure as a percentage deviation from a conventional linear extrapolation of a pre-surge trend (OLS 
contrast).  
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