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Abstract

Matching estimators exhibit a previously overlooked source of fi-
nite sample bias. Even when the assumptions underlying matching
hold, the local geometry of the covariate distribution around each ob-
servation makes some matching directions more likely than others.
This mismatch is ubiquitous and disappears only slowly as the sample
size increases. Estimators suffer increased variance and, in most cases
where the outcome function is nonlinear, systematic bias. Conven-
tional balance diagnostics generally fail to detect the problem. When
they identify it, matching is abandoned unnecessarily. I propose three
approaches to mitigate this problem and evaluate them in simulations
and empirical applications. A matching procedure that deliberately
offsets mismatch across neighboring observations reduces both bias
and variance while remaining conceptually and computationally sim-

ple.
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1 Introduction

Matching and techniques derived from it form an important part of the
econometrician’s toolbox (King and Nielsen, 2019). Most recently, matching
has gained importance as a preprocessing step for a difference-in-differences
(DiD) estimation (see Ham and Miratrix, 2024 for an overview). I show that
the most common matching procedures produce systematic mismatch that is
not detectable by currently employed tests for covariate balance. This mis-
match potentially increases both bias and variance of the estimates in finite
samples.

The principal contribution of the paper is to demonstrate this problem,
show three different strategies to mitigate it, and test the associated new
estimators in simulations and real applications where the true treatment
effect is known.

The intuition behind the detected bias is that some regions in the co-
variate space have higher density of observations, so it is more likely that
matches will be found there. Any matching estimator will thus gravitate to
such regions when matching the surrounding observations. I use simulation
exercises to characterize the resulting error: This drift is substantial and van-
ishes so slowly when increasing the sample size that all practical applications
should be considered finite sample estimates for the purposes of this bias.
It is often not detected by conventional balance tests, because deviations
have opposite signs on the opposite 'sides’ of such a higher density region.
This behavior leads to biased estimates when the potential outcomes Y; and
Y, are nonlinear functions of ? around this denser region of the covariate
space, especially if there are interaction effects between variables. I suggest
the relationship between univariate mismatch z; — z; and x; as a diagnostic
tool and shows that systematic mismatch in this category is widespread.

I develop three different strategies to mitigate this bias: First, one can
observe the drift and then alter the distance metric used in matching to cor-
rect this tendency. This is the most direct intervention, but computationally
expensive. Second, it is possible to observe mismatch and correct in the

other direction when matching 'the next closest’ observation. This error ac-



cumulation technique breaks the usual independence between the matching
of individual observations. The new estimator thus consists of both an order
in which observations are matched and a distance metric. It performs best
in practice. Third, correctly estimated propensity scores yield a formula for
the probability with which the bias inherent in each matching pair enters the
estimation. It is possible to ex post reweight pairs and cancel out arbitrary
bias, not just from this mechanism. However, this is very sensitive to the
propensity score estimate.!

Apart from simulations, I apply these estimators to real world applica-
tions to gauge their performance in practice. For instance, I apply both the
new and conventional estimators to two standard matching applications with
public data and treatment randomization. In both applications, conventional
estimators have large standard errors, which are substantially reduced after
correcting for systemic mismatch. In both cases, the new estimators recover
the experimental benchmark faithfully. Mahalanobis matching with error
accumulation performs best.

This ties into the large discussion on the small sample properties of match-
ing estimators. Since matching estimators are consistent but potentially
biased, finite sample properties of matching estimators are widely studied.
More complex techniques have been suggested to improve performance (e.g.
Abadie and Imbens (2006, 2011, 2016)). Yet, in practice, simple nearest
neighbor matching dominates applied work (King and Nielsen, 2019). Match-
ing with error accumulation combines simplicity with significant performance
improvements. King and Nielsen (2019) is particularly close to my paper in
spirit, as both papers identify a form of finite-sample mismatch that can be
obscured by conventional aggregate diagnostics. The mechanisms, however,
are distinct: Their critique concerns propensity-score matching, whereas the
problem considered here arises from systematic pairwise mismatch and there-
fore extends to matching procedures more generally.

Difference-in-differences has become one of the most widely used tools for
causal inference in applied economics, accompanied by a rapidly expanding

methodological literature addressing treatment timing, violations of parallel

T provide a software package to implement all three estimators.



trends, and inference (Roth et al., 2023). Matching is increasingly com-
bined with difference-in-differences to construct treatment and comparison
groups that are more comparable in their observable characteristics and pre-
treatment outcomes. This practice has become sufficiently widespread to
generate a growing literature specifically concerned with the properties and
implementation of matching-based DiD designs (Smith and Todd, 2005; Lee
et al., 2025; Lee and Wooldridge, 2026). More recent methodological contri-
butions continue to develop new ways of combining matching or weighting
with DiD, including approaches addressing limited overlap and the properties
of post-matching estimation (Kim and Lee, 2025). The increasing use of these
hybrid designs makes the properties of the underlying matching procedure
consequential for a large and growing body of empirical research. The results
above identify a previously overlooked source of bias: Even when matching
achieves good aggregate balance at the time of treatment, the systematic
matching errors at the pair level can give rise to different post-treatment
paths and thereby contaminate the difference-in-differences comparison. The
application in Section 4.3 illustrates the practical relevance of this problem
in a placebo DiD setting: I generate a placebo program for German inventors
during the reunification. I document the existence of systematic mismatch
using standard estimators and find several spurious effects as well as unbal-
anced matching in the event study, which are substantially reduced when
using the new error accumulation technique. This is related to the extremely
skewed distribution of many patenting related variables.

The paper also relates to the literature on ex post evaluation of matching.
The systematic mismatch is basically mechanical and as such widely present
in applied work. If balance tests detect it, it will occasionally prohibit use of
matching, but since the bias is on the pair level and often cancels itself out
in aggregate, current balance tests are poorly equipped to deal with it. This
is especially true for the popular mean comparisons. However, systematic
pairwise mismatch usually exists even if the overall distributions are identical.
Some techniques adjacent to matching use these distributional comparisons
as an objective function directly (e.g. entropy balancing (Hainmueller, 2012)

and covariate balancing propensity score (Imai and Ratkovic, 2014)). They



are in principle vulnerable to a similar critique: Distributional balancing
is not in itself enough to guarantee unbiased comparisons if the outcome
function is non-linear.

This paper is organized as follows: In section 2, I set up a framework to
discuss the causes and size of systemic mismatch due to local asymmetries in
the joint distribution of ?, show that systemic mismatch can be a relevant
problem for all practical sample sizes and discuss three estimation strategies
to alleviate this problem. Section 3 performs a simulation study to show the
performance of the new estimators. Section 4 applies these results to two
applications where experimental benchmarks exist to gauge the performance

of the new estimators. Section 5 concludes.

2 Theoretical Framework and Notation

2.1 Systemic observation level mismatch in matching

In matching, each observation i is typically matched to a ’similar’ compari-
son observation j (or a group of them). Each matching method constructs
j somewhat differently. However, since simple nearest neighbor matching is
still the most popular technique (e.g. only 6% of papers in the sample by
King and Nielsen (2019) use any more complicated procedure) and conceptu-
ally simple, the following discussion will assume it as the baseline. However,
the discussion carries over to more complicated estimators.? For ease of expo-
sition, I will discuss the case of matching a treated to a control observation.
The discussion is exactly mirrored in the reverse case.

Let M denote the set of realized matched pairs (7, j), where exactly one
observation in each pair is treated, and let j denote the control observation
matched to treated unit i. Following Abadie and Imbens (2006, 2011), the

observed outcome difference within a pair can be decomposed as

Ti Bij

2Figure 1 shows that using more complex estimators does not solve the core problem.



where 7; denotes the individual treatment effect and B;; captures the mis-
match in untreated potential outcomes induced by imperfect covariate match-
ing. Y;(0) is not observed for treated units, but Y;(0) serves as a proxy. By
assumption, B;; is some function of the covariates of i and j. Abadie and Im-
bens (2011) propose to estimate an outcome function for untreated observa-
tions mo(X) = E[Y(0) | X] and use this to correct the mismatch component
of each pair. In this paper, I suggest a different approach: I characterize the
expected difference for observation ¢ and adjust the matching routine itself:

Let 9, (X;, X;) denote the difference metric used in matching and let
D; = 0(X;, X;) denote the random variable describing the realized matching
distance for ¢ induced by the matching procedure. Then, the ex ante expec-
tation for the treatment effect of observation ¢ can be decomposed as follows

using the law of iterated expectations:

E(Y,-Y;) =7+ E(B;) =7+ E[E(B; | D;)]

:Ti+/ooo (B\D_(S)Nfz (1—/]@ )N01d5

exp. blas at density at 6

(no closer control)

0

(1)

where the second and third line describe the contribution of every match-
ing distance d to the overall expected bias. It weights the conditional bias if
a match is chosen at distance ¢ with the probability of that event g(d). The
consistency of the matching estimator can easily be seen from this notation:
As N, — o0, g(d) concentrates its mass at 6 = 0 under standard regular-
ity conditions. Trivially, the estimator is unbiased in that case. Note that
this holds for every single observation ¢. However, it is also clear that the
matching estimator is not unbiased for positive 4.

The conditional bias at distance 9 is itself an expectation over all potential

comparison observations located on the hypersphere at distance §. Hence,



E(B;| D;=9)ineq. 1is
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which will not generally be 0: First, the density of potential matches
f(X; | Xi,D; = 6) will not generally be equal at all points on the hyper-
sphere, which means that control observations will in expectation have dif-
ferent covariates than treated observations. Second, even if the density were
equal, the bias does not need to be: If the bias is a non-linear function of the
covariates, the different points along the hypersphere cannot counterbalance
each other and an error will remain. It is the argument of this paper that
the first is almost mechanically the case in econometric applications, and
thus the small sample properties of matching estimation hinge much more
on the linearity of the outcome function than previously understood. The
simulations in section 3 and the analysis of select applications will show the
ubiquity of this phenomenon.

Equation (1) does not rely on any assumptions regarding the functional
form of the outcome process. To connect this framework to the bias correction
proposed by Abadie and Imbens (2011), suppose that the untreated outcome
function mo(X) = E[Y(0) | X] is continuously differentiable. A first-order

Taylor expansion around X; yields

mo(X;) = mo(Xi) + Vmo(X)' (X5 — Xi) + R(Xi, Xj),

where R(X;, X;) contains the higher-order remainder terms. Then, sub-

stituting this expression into the conditional expectation gives

E(B; | D; = 6) = E(mo(Xi) — mo(X}))

D;(6)

" o R(X;, X;) f(X; | Xi, Dy = 0) dXj;. (3)
D,



This decomposition separates two conceptually distinct sources of mis-
match bias. The first term captures the linear component and depends en-
tirely on the expected displacement E(X; — X;|D; = 0) = 0 of the matched
observation relative to the treated observation. The second term reflects
nonlinearities in the outcome function through the Taylor remainder. The
bias correction of Abadie and Imbens (2011) can be interpreted as estimating
the first component by approximating the local gradient of mqy(X). However,
the linear component vanishes whenever E(X; — X;|D; = §) = 0 without the
need to estimate any specific outcome function. In addition, reducing the
expected displacement E(X; — X;|D; = 6) = 0 also reduces the higher order
terms, whereas the first-order correction of Abadie and Imbens (2011) leaves
these terms unchanged. Thus, the analysis in the following instead focuses
on the geometric properties of the matching distribution that determine the
expected displacement itself. The following example will illustrate both the

issue and the approach of this paper.

2.2 Illustrative Example

I use a stylized univariate matching problem to build intuition of the for the
problem. Examples from simulation studies and real world data are presented
in section 2.3 and 4, respectively. Consider a matching exercise with just one
variable z7. x; ~ N(0,1) in both the treatment and the control group, so
there is common support. Nevertheless, any observation with x; < 0 will
in expectation be matched to a larger comparison group: There is more
probability mass to the right of X; < 0 than to the left, so the chance of
matching with an observation with larger z; is higher. This is not a special
feature of the normal distribution, any unimodal distribution will produce
the same logic. Multimodal distributions will create more complex patterns
of mismatch, but are also not immune.

To gauge the direction and strength of expected mismatch, define the
mass imbalance measure 7(x;, k, D), which compares the local probability
mass of potential matches immediately to the right and left of observation ¢

along covariate dimension k:



M.*(D) — M, (D)
77(3%'7 k? D) = ik ZE (4)
where
zh+dy,
M (D) = /k d(z,x; ") dx
and

M, (D) :/ d(z,x;*) dx
zk—dy,

Here, d(x) denotes the joint density of potential matches over the co-
variate space. The notation d(z,x;*) indicates that the k" covariate varies
over the interval of integration while all remaining covariates are fixed at
the values of observation i. The term M, (D) therefore captures the local
density slice immediately to the right of z¥, while M, (D) captures the corre-
sponding slice to the left. The numerator measures the directional imbalance
in local matching opportunities, while the denominator normalizes by total
local mass, implying n(z;, k, D) € [—1, 1]. Positive values indicate that there
are more potential matches with higher values, negative values indicate a
tenedency to match with smaller x. Note that this is not a complete statis-
tic to recover the direction of expected mismatch, which depends on the
joint distribution of all covariates and on the realized matching distance (see
section 2.1).

Figure 1 presents the concrete example in visual form. Panel 1a presents
the standard normal distribution and the expected match distance (when
drawing 4 potential matches from the distribution). Panel 1b reports the
mass probability ratio n(x;,1,1) for the only variable, using x; F 1 and the
difference between x; and x;. There is systematic mismatch between z; and
xj: Small z; get matched to larger x; and vice versa. The direction of
this mismatch is predicted by n(x;,1,1). To actually fit the distribution of
mismatch, T would need to use n(z;, 1,b) with different calipers b, to account

for the different density of matches in different parts of the distribution (see



Figure 1: Fxample: Mismatch with an univariate normal distribution
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Notes: Expected mismatch with one standard normal distributed variable (z1).
Panel 1a shows the normal distribution and the average distance between x;
and its match ;. Panel 1b shows the probability mass imbalance n(z;, k,D) =
M} (D)—M, (D)
M (D)+M,, (D)
the observation. It also shows the actual mismatch after matching, which results
from the interplay of n(z;, k, D) and the avg. distance to find a match. Note that
there is no violation of common support and that expected mismatch is zero over
the entire population, so common balance tests will not flag this issue. Source:

own simulations.

at point x;, i.e. the ratio of probability mass to the left and right of

Panel 1a). However, while in this stylized example, there is a closed form
solution of local expected mismatch, I do not consider it to be estimatable in
applied cases, where there are multiple variables with potential interactions,
sparse observations and unknown distributions.

It is important to note that common covariate balance tests will not flag
the above problem: Expected mismatch is systematically negative for large
values and systematically positive for small values, but zero in aggregate.
Because the resulting aggregate distributions can look highly similar despite
this underlying pair-level drift, even more evolved balance tests that examine
the whole distribution often fail to detect the mismatch and consider the two
samples strictly balanced.

Since the mismatch arises organically from most common distributions,
I maintain that the above problem is present in most applied work. Figures

6 and 7 report the mismatch for the two papers reproduced for this study.
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Substantial expected mismatch is found in both of them when looking below

aggregate properties.

2.3 Simulation Exercise

To understand the potential effect of this mismatch on estimated treatment
effects, I perform a simulation exercise: Consider the following simple data
generating process (DGP): There are four explanatory variables (z1 through
x4), all drawn independently from the same shifted standard normal distri-
bution (to avoid issues due to sign reversals). They and only they affect
probability of treatment and outcome simultaneously. The probability of
treatment is a latent variable probit. Apart from the treatment and x1
through x4, x1 and z2 also affect the outcome in a non-linear way, but the
conditional independen assumption (CIA) is satisfied on x1 through z4. To
simplify, the effects of all x-variables on probability of treatment and outcome
are the same. Eq. 5 describes the DGP mathematically.
The following equations describe the DGP:

z;~NG,1), j=1,...,5 (5)
latentp =z1 + 22 + 23 + 24 — 20 + N(0,1) (6)
D =I(latentp > 0) (7)

x5 =(r1)? (8)

26 =(z1) * (22) 9)

Y =250 % 21 + 250 * 22 + 250 * 23 + 250 * x4+ (10)
500 # 25 + 500 % 26 + 500 * D + U0, 250) (11)

In this setup, x1 through x4 affect both treatment and probability to
treat. They form ? for subsequent matching. The researcher does not
observe x5 and x6. For simplicity, they can be predicted perfectly by 7
However, the researcher cannot use this fact. In any case, conditional inde-
pendence is satisfied on ? alone.

Most of the already existing estimators are strongly biased for all sam-

ple sizes. Strict radius and kernel techniques have the smallest biases, but
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Figure 2: Simulation: Performance of Conventional Matching estimators
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all estimators systematically mismatch in finite samples and thus are biased. The
bias cannot be eliminated with feasible sample sizes. Radius and kernel matching
discard a large (and changing) part of the sample, which leads to the inverted U
pattern.

Source: own simulations.
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only because they discard a large part of the sample: Mahalanobis matching
with a strict caliper (1) discards 60% of the 100 observations sample, 36%
of the 500 observations sample, 29% of the 1000 observations sample and
14% of the 10.000 observation sample. At the smallest sample size (100),
mostly observations around the mode are actually matched, where the den-
sity of observations is highest. Since expected mismatch is zero at the mode,
this actually improves the estimate and leads to the paradoxical outcome
that bigger sample size leads to worse matches when calipers are very strict.
Additionally, discarding observations is not costly, since bias concerns domi-
nate variance and all units have the same treatment effect. However, at this
magnitude, it would not be a credible strategy in actual applications.

While conventional balancing tests fail to detect this problem, it is vis-
ible in the data without using the non-observable hypothetical outcomes:
Figure 3 reports diagnostics for propensity score matching (as the most pop-
ular estimator) from one of the simulations with 10000 potential matches.
Panel 3a reports the entire distribution of z1 (note that in the DGP, all
x-variables have the same distribution) and the systematic mismatch at the
pair level. Clearly, the aggregate distributions and especially means look
extremely similar and would likely be acceptable for publication. However,
this hides substantial systematic mismatch at the pair level that gives rise to
the observed bias.

Some features of the DGP can lead to a strong bias: If the outcome
function is linear, the expected mismatch in some areas of the data can be
counteracted by other areas with opposite mismatch. In the baseline DGP
(eq. b), the ATE estimate would be virtually unbiased if the outcome function
was linear, since the means of the covariate distributions are so close.

However, this is no longer the case for the ATT: Since the treatment prob-
ability increases with all variables, neither the treated nor the untreated ob-
servations retain the symmetrical normal distributions of the entire dataset.
Thus, there is perceptible ’drift’ for matches of the treated and untreated
subsamples (which cancel each other out for the ATE). Panels 3¢ and 3d
report the distributions of observations and matches for one ATT estimate

and the results from all simulations, respectively. Non-symmetrical distri-
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Figure 3: Diagnosis of Conventional Matching estimators
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systematic mismatch. Panel 3c again reports aggregate statistics, but only for
treated observations. Panel 3d reports the associated ATT estimates. Y-axis is

rescaled by the true treatment effect (500).
Source: own simulations.
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butions of variables can create aggregate mismatch which will affect results
even if the outcome function is linear. Yet, this aggregate mismatch will show
up in balance tests, so such cases will lead to unpublished results, not the
publication of biased estimates. Note that while the difference might appear
small; this is from a sample of 10000 treated and 10000 control observations
with only 4 variables. Again, for practically relevant sample sizes, the bias
remains substantial.

Panels 4a and 4b report results from a DGP where all x ~ U/(0, 10). Note
that bias is much worse: While probability mass is identical for all values,
many observations are close to at least one of the boundary of the support,
where mismatch is severe. Generally, univariate distributions are not enough
to diagnose the issue: Expected bias is a function of the density imbalances
along the hypersphere defined by a fixed distance to observation .

Panels 4¢ and 4d result from estimation in a DGP without the interaction
term in eq. 5. While mismatch is identical to the baseline scenario, bias is
substantially lower, since the outcome function is more linear than the base-
line. This highlights that while mismatch is diagnosable and the mechanical
cause makes it plausible that it exists in a wide variety of applications, the
resulting bias is a function of the unknown outcome function. The bias in
any application will be a complex interplay between the mechanisms at play:
Average matching distance, the non-linearity of the outcome and the shape
of the underlying joint distribution of variables all contribute to bias. The
following section will discuss three estimation strategies to alleviate this bias
and lead to satisfactory performance in finite samples even in the face of

strong non-linearity.

2.4 Proposed Estimators

There are three potential avenues to alleviate the systematic mismatch dis-
cussed in section 2: First, change the matching criterium to eliminate the
bias. Second, remember the mismatch of previous observations and correct
when matching the next observations. Third, reweight matches ex post to

reduce bias in the treatment effect. I will follow all three ideas in this section.
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Figure 4: Bias with Different DGPs

(a) Estimation Results (uniform) (b) Mismatch (uniform)
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Notes: Result and exemplary mismatch diagnostic for adjusted version of the
baseline DGP in Figure 2. Panels 4a and 4b report from a DGP where all x are
~ U(0,10). Note that bias is much worse: While probability mass is identical
for all values, many observations are close to at least one of the border of the
distribution, where mismatch is severe. Panels 4c and 4d refer to a DGP without
the interaction term in eq. 5. While mismatch in z-variables is identical to the
baseline, bias is much less severe than in the baseline, since the DGP is more linear.
Source: own simulations.
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2.4.1 Ex Ante Reweighted Mahalanobis Matching

The most direct way of addressing the systematic mismatch discussed in
Section 2.1 is to modify the matching criterion itself to ensure that positive
and negative deviations occur locally and therefore approximately offset each

other. In particular, I seek a matching rule that satisfies

EXi— X, X ~X)=0

for every covariate used in matching.

Note that this condition does not imply E(B;;) = 0, since the poten-
tial outcomes generally depend nonlinearly on the covariates. Nevertheless,
balancing the covariate differences themselves ensures that positive and neg-
ative deviations occur in the same neighborhood of the covariate space (and
enforce that they have mean zero overall, too).

To achieve this, I introduce an asymmetric reweighting of the Maha-

lanobis distance. For a given observation ¢, define a vector of variable weights

ﬁi = (51‘,17 cee 752',1()7

a directional variation of which (B” = (Bm,k, o BU k) is used for actual

distance calculation. Specifically,

~ Biw  Xik < Xjk,
Bijk =
1Bk Xik > Xk

The reweighted Mahalanobis distance is then

diM = ((Xi — X;) @ Bi) Z((Xi — X;) © Biy)

where © denotes elementwise multiplication and Z is the inverse covari-
ance matrix used in the standard Mahalanobis metric.

Unlike the conventional Mahalanobis distance, this metric is generally
asymmetric (dﬁM #* dﬁ-M ), since ¢ and j will have different weight vectors
B; and §; and since the difference between variable values will have opposite

signs. The asymmetry is intentional. By assigning different penalties to
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positive and negative deviations in each covariate, the matching criterion can
be adjusted to compensate for systematic mismatch. For a given parameter
vector B; = (P1, ..., PK), I evaluate the local imbalance around observation

1 using a kernel-weighted average of covariate differences
K (dEMY (X, — X
Az(ﬁ): Z] h( 1] )(RM ])’
Zj Kh(dij )

where K} () denotes a Gaussian kernel with bandwidth h. Throughout

the simulations, A is chosen as the distance to the second nearest neighbor

under the current metric. This ensures that it is as local as possible, while
still always containing more than one observation and thus being a contin-
uous (and differentiable) object for optimization. Each S is then chosen to
minimize the local imbalance so that A¥ = 0.

Intuitively, the procedure searches for the directional weighting of covari-
ates that makes the expected local mismatch around observation i as small as
possible. After optimization, nearest-neighbour matching is performed using
the resulting distance metric.

The procedure is computationally demanding because the optimization is
performed separately for each observation. Evaluating a candidate parame-
ter vector requires computing distances to the entire sample and repeatedly
estimating the local imbalance criterion. Consequently, computation times
are substantially larger than for conventional matching estimators, particu-
larly in large samples. For this reason, simulation results are not reported for
the 10000 candidate observations case, where repeated computation is too
costly.

The method also relies on a smooth objective function, which this imple-
mentation of the kernel aims to provide. Other techniques for estimating the
local average of covariates (local linear regressions, nearest neighbor match-
ing, etc.) are in principle possible, but would add another optimization step
and further increase computational costs.

In addition, it is unclear how to treat noncontinuous variables in this
framework or sparce observations, both of which will lead to non-smooth

objective functions and a failure of the routine. In the presented implemen-
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tation, such observations are dropped (using the fact that optimization is at
the observation level). Observations where the necessary weights rise above
10 or below 0.1 are also flagged as indicative of an inability to find satisfactory
matches.

While this method has the intuitive advantage of directly attacking the
root of the problem, these practical issues make it difficult to use in actual

applications.

2.4.2 Mahalanobis Matching with Locally Accumulating Errors

The previous estimator attempts to eliminate mismatch locally by modify-
ing the distance metric itself. A computationally simpler alternative is to
allow mismatch to occur, but to accumulate and offset it across neighboring

observations. The objective remains to achieve

but without requiring the matching criterion to be optimized separately
for every observation.

Let h denote an observation with X;, ~ X, and D;, = D;. Under local
continuity, observations with similar covariates also have similar expected
mismatch. Thus, local mismatch can be approximated by averaging mis-
match over neighboring observations and local unbiasedness does not require
every individual mismatch to be zero. Instead, it is sufficient that mismatch

cancels across neighboring observations, i.e.

1 1

The proposed estimator therefore does not attempt to eliminate the mis-
match generated by each individual match. Instead, it carries previously
accumulated mismatch forward, encouraging subsequent matches of nearby
observations to offset earlier errors. Unlike conventional Mahalanobis match-

ing, the estimator is thus inherently sequential: If s(1),...,s(N) denote the
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order in which observations are processed, the accumulated mismatch recur-

sively for each observation is

as(l) == 0

ast) = Qs(t—1) T (?j(tfl) - Y75—1)

The accumulated mismatch therefore records the total imbalance generated
by all previously matched observations per variable.
For a given observation 7, the modified Mahalanobis distance between ¢

and a potential match j is then defined as

dgeeM = (X, —a; — XZ)’Z(YZ- —a; — ?J’)’

where Z is the inverse covariance matrix used in the standard Maha-
lanobis metric. Intuitively, if previous matches have generated positive im-
balance in a particular covariate, subsequent observations are matched as if
their covariate values were lower in that dimension. This increases the like-
lihood that future matches offset earlier errors. Rather than requiring every
individual match to be unbiased, the estimator aims to ensure that mismatch
cancels locally within neighborhoods of the covariate space.

Although a; is defined as a cumulative sum, it is not expected to grow
without bound. As accumulated imbalance becomes large in a particular di-
rection, the modified distance metric increasingly favors matches that offset
this imbalance. The recursion therefore creates a negative feedback mecha-
nism rather than a random walk.

Since the accumulated mismatch a,(t) depends on all previous matching
decisions, the resulting matching assignments depend on the chosen path
through the data. I use the simplest possible implementation in this paper:
I draw the first treated observation randomly and then choose the closest
unmatched treated observation according to standard Mahalanobis distance
to proceed. This procedure is repeated until all treated observations have
been processed. The same algorithm is then applied to the untreated obser-

vations when estimating the ATE. Consequently, I compare each observation
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twice: once to observations with the opposite treatment status to deter-
mine its match and once to observations with the same treatment status to
determine the next observation to process. This ensures that accumulated
mismatch is passed primarily to nearby observations. In this paper, I imple-
ment the estimator with replacement of potential matches, but there is no
inherent issue with choosing to not replace matches instead.

The estimator is path-dependent: Different starting observations will
produce different matching assignments. Additionally, alternative traversal
schemes are possible. For example, one could pick start observations accord-
ing to some outlier criterion (since extreme variable values have more mis-
match), start from multiple observations simultaneously, restrict the propa-
gation of accumulated mismatch to observations within a specified caliper, or
employ more sophisticated clustering procedures. However, such modifica-
tions introduce additional tuning parameters and user discretion, making the
estimator more difficult to implement and justify empirically. They also do
not seem to be necessary: The simple traversal scheme performs very well in
both the simulated data and the actual applications discussed below, while
requiring no additional design choices.

The estimator performs well if treated and untreated observations are
close to others of their kind, but far apart from each other. This is fairly
common in empirical applications. In such cases, previous mismatch will be
offset using close observations and local expected mismatch will be close to
0. If this is not the case, it might be beneficial to institute calipers beyond
which mismatch does not propagate, to avoid cases where mismatch in one
region contaminates the matching process in others. When diagnosing the
suitability of the estimator as is, the decay of cumulative mismatch over the

traversed distance is a natural diagnostic.

2.4.3 Inverse Match Direction Probability Reweighting

Assuming that the propensity score is estimated precisely, it is possible to
remove mismatch bias through inverse probability reweighting: The key ob-

servation is that, conditional on the propensity scores, treatment assignment
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is random. Before treatment is realized, a given pair of observations could
therefore appear in either orientation: observation ¢ treated and j untreated,
or vice versa. The mismatch bias enters with opposite signs in these two
cases. The proposed weighting scheme assigns each observed pair the inverse
of the probability with which its realized orientation occurs. Consequently,
orientations that are unlikely receive larger weights, while common orienta-
tions receive smaller weights. In expectation, both orientations contribute
equally, causing the mismatch bias to cancel, leaving only the average treat-
ment effect.

More formally, the touple (D;, D;) defines the "orientation’ of match (i, 7).
The observed pairwise outcome difference Y; —Y; determines the contribution
of this match to any matching estimator. If (D;, D;) = (1,0), Y;=Y, = 1,+B;;
and so the bias will contribute positively. Conversely, if (D;, D;) = (0,1),
Y; =Y, = 7; — B;j. Then, the expected contribution of every matched pair

to the 7 estimate 7 before treatment status is known is

i i

. 1 1,0 0,1
Bl = g 3 [7% V(i + Byy) + 7Y (r; — By) (12)
(i,5)eEM

Equation (12) shows that mismatch bias arises because the two possible
orientations of a matched pair generally occur with different probabilities.
If each orientation instead contributed equally in expectation (which organ-
i(JQ’l) = (0.5), the bias terms B;; would cancel. The
estimator aims to achieve this more generally by weighting each realized pair

ically happens if 7rl(J1 R

by the inverse probability of observing it in its current orientation. This en-
sures that each observed pair contributes its treatment effect in expectation.

Mathematically, I aim to estimate

. 1 11 qo, 1 o)1
B = > 5[75% [ (T + Bip)l 4y | (071)(71'_3”)]] (13)
(i) eEM Tij i

so that orientation probabilities cancel out and the ex ante expectation

for each pair is just 7; 4+ 7;. However, this requires to estimate the orientation
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(1,0)
]
The orientation probabilities can be decomposed into the probabilities of

and 7'(‘5;)71).

probabilities
several events: For the orientation (1,0), three events must occur simultane-

ously:
1. observation ¢ is treated
2. observation j is untreated

3. every observation closer to ¢ than j is treated, rendering it ineligible as

a match.

The same holds vice versa for orientation (0,1). For the further discussion

for a given pair (i, j), define

as the set of observations closer to ¢ than the realized match j. For j to
become the realized match of i, all observations in (7, j) must possess the
“wrong” treatment status and therefore be inadmissible as matches. Under
the standard independent treatment assignment conditional on the propen-

sity scores, this occurs with probability erzc( er when ¢ is treated and

i.5)
with probability [, ;) (1 — ex) when ¢ is untreated.

Conditional on the covariates and on the event that observations ¢ and j
form a matched pair, the probability that this pair is realized in the orienta-

tion (D;, D;) = (1,0) (7?1(;’0)) is therefore given by

(1,0) 61(1 - ej) erK(i,j) €k

T, =
J 62(]_ — ej) erlC(i,j) er + (]_ — 61‘)6]‘ HkEIC(j,i)(l - Bk)

where e; and e; denote the treatment probabilities of either observation. Sim-
ilarly, the probability that the same pair appears in the opposite orientation
(Di7Dj> - (07 1) 1s

W(0,1) o (1- ei)ej erlC(j,i)(l — eg)

ij ei(1 —ej) Ilpexqy ex + (L —eie; Tliex(a (1 — ex)
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Replacing the true treatment probabilities in these formulas with their
corresponding propensity score estimates yields the feasible estimator of 13.

It is essentially the original 7 multiplied with an inverse probability weight.

M
N 1
E[rPW] = —7— Z A (Y1) — Yo
Zm )\m m
_psi(l - P85) Hierci gy Pse + (1 = psi)ps; Higexcqi ) (1 — psi) v
" psi(1 = ps;) [rerci PSr
(14)
_ psi(l = psj) Tiexay Psk + (1 = psi)ps; Trexqi (1 — psi) v

(1 = psi)ps; erlC(j,i)(l — ps)

If the propensity score is precisely estimated, the bias term will cancel out
in expectation. This estimator thus relaxes the requirements on matching
quality (the bias term cancels out in expectation regardless of how large it is),
but in exchange, it requires a much better estimate of the propensity score
than is usually necessary: In contrast to modern propensity score techniques,
it is not doubly robust.

Also, extreme A(...) values will give extreme weights to some observa-
tions, which can lead to high variance in the estimation. For this reason, I
also run a truncated version of the estimate (where all estimated orientation
probabilities below 0.1 and above 0.9 are discarded). In the simulations, this
adjustment substantially improves performance, but of course comes at the
costs of truncating potentially interesting extreme observations. Neverthe-
less, these observations are often disregarded in the pre-estimation cleaning
of observational data anyway when doing propensity score matching (small
A are the result of multiplying several small propensity scores), so this might
not be costly in many applications.

Using ps; * (1 — ps;) * Hgpsy for p,,(ip=1 ® jp—o) also assumes the inde-
pendence of shocks in the propensity score estimation. While this is strictly
speaking usually assumed anyway, the assumption carries much more weight

here and might have to be examined and tested in practical applications. If
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errors are not independent, clustering techniques can recover a more compli-
cated structure, which will lead to more complicated weight formula.

[Txps, can be arbitrarily expensive to compute in theory. However, in
practice, especially after truncation, there are not many observations k be-
tween matched observations and the additional computing time is not im-
practical, even for large samples.

It is worth noting that this estimator can theoretically recover the treat-
ment effect no matter th mismatch between observations, since the bias term
drops out in expectation. However, this crucially relies on a consistent, un-
biased and precise estimate of the propensity score. In many empirical ap-
plications this trade-off may not be attractive, since poor matching often
coincides with poor propensity-score estimation. Nevertheless, the two are
conceptually distinct. Treatment assignment may be highly predictable even
when (or especially if) treated and control observations remain far apart
in covariate space. In such settings, the proposed estimator is expected to
provide the greatest gains.

The estimand targeted by the proposed estimator differs subtly from the
conventional average treatment effect (ATE), average treatment effect on
the treated (ATT) and the average treatment effect on the untreated (ATU).
These estimands are defined with respect to the realized treatment assign-
ment in the observed sample. For example, the ATT averages treatment
effects over the units that happened to receive treatment. The proposed
estimator instead adopts an ex ante perspective, treating the realized treat-
ment assignment as a random variable conditional on the propensity scores.
It therefore averages over the two possible treatment orientations of every
matched pair rather than conditioning on the orientation that happened to
be observed. In this sense, the estimator targets the expected treatment ef-
fect associated with the matched pairs themselves, rather than the realized
treated or untreated subpopulation. At the same time, the feasible estimator
in eq. 14 has to be implemented using only the observed outcome differences.
It can therefore also be interpreted as a reweighted version of the conventional
matching estimator, where observations whose realized treatment orientation

was unlikely receive correspondingly larger weights. Whether this distinction
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from the conventional ATE or ATT is empirically important depends on the

application.

2.4.4 Inference

All estimators considered in this paper can be written as the difference be-
tween two weighted sums of outcomes, although the algorithms constructing
the weights differ across estimators. Since bootstrapping is not generally
valid for matching estimators (Abadie and Imbens, 2008) and can be com-
putationally expensive for ex ante reweighted matching especially, inference
follows the framework of Abadie and Imbens (2006) as presented in Imbens
(2015). Standard errors are constructed by treating each estimator as the
difference between two weighted sums while accounting for the fact that in-
dividual observations may serve as matches multiple times, implying that
the summands are generally not independent. These standard errors are
thus constructed conditional on the algorithmic structure, taking it as de-
terministic. They should be understood as capturing the outcome sampling
uncertainty. Throughout the paper, reported standard errors are computed

using this approach.

3 Simulation Benchmark

Figure 2 already established that conventional matching estimators can re-
main severely biased in finite samples despite satisfying the conditions typ-
ically invoked to justify matching. In this section, I evaluate the possible
corrections discussed in section 2.4 by also applying them to the DGP from
2.3. The aim with all estimations is to recover the ATE, but since the DGP
features the same treatment effect for all observations, the various potential
estimands are identical (ATT = ATE = ATU = 500).

Figure 5 reports the results together with the two most commonly used
other matching techniques — Propensity score and Mahalanobis nearest neigh-
bor matching. Three results stand out. First, all conventional matching

estimators remain substantially biased despite the fact that the conditional
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Figure 5: Stmulation: Performance of Proposed Estimators
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Notes: Performance of conventional and the newly proposed estimators with the
DGP described in section 2.1. Y-axis is rescaled by the true treatment effect
(500). The new estimators are unstrucated and truncated post reweighting (section
2.4.3), Mahalanobis matching with error accumulation (section 2.4.2) and ex ante
reweighted Mahalanobis matching (section 2.4.1; 10.000 sample not reported due
to computational costs).

Source: own simulations.

independence assumption is satisfied by construction. Second, all proposed
estimators substantially reduce bias despite relying on very different cor-
rection mechanisms, which makes me confident that the mismatch process
identified in Section 2.1 is indeed the primary source of the finite sample
bias and that this bias is quantitatively important (at least in the simulated
data). Third, the two computationally simpler approaches — error accumu-
lation and truncated ex post reweighting — perform at least as well as the
more demanding ex ante reweighted Mahalanobis estimator.

For the 100 observations sample, only ex post reweighting yields an es-

timate essentially equal to the true treatment effect, but only when weights
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are truncated to discard extreme weights (section 2.4.3). This is not sur-
prising in the sense that this is the most demanding estimator in terms of
assumptions. Since these are fulfilled for this DGP, the estimator performs
very well. However, already when not truncating the weights, performance
declines, since some observations with low propensity scores at the tail of
the distributions get very high weights, have noticeable errors (in terms of
percentages) in the estimated propensity score and are matched to poorly
fitting comparison observations (due to the sparsity of the data in that re-
gion of the covariate space). Standard Mahalanobis matching estimates a
treatment effect of roughly 700% of the true effect. The new Mahalanobis
matching with accumulating errors improves upon it, but is still severely bi-
ased. The ex ante reweighted Mahalanobis performs much better estimating
a treatment effect at 20% of the true effect.

At 500 matches, both conventional estimators improve their performance,
but all 4 new estimators outperform them. Truncated ex post reweighting
remains unbiased, while the three others converge further to the true effect,
but are still substantially biased. The conventional techniques still estimate
effects of 250% or 500%. With 1000 potential matches, the new estimators
converge further, while there is little movement in the conventional estima-
tors. Even at 10.000 potential matches, the conventional estimators have not
yet converged, whereas the new estimators have.

The improved performance is not bought with increases in variance, in
fact all new estimators have less variance than their respective conventional
estimator, at least in this simulation. This suggests that the reduction in
mismatch improves not only the average quality of the matches but also the
stability of the resulting treatment effect estimates.

Taken together, the simulations suggest that the mismatch mechanism
identified in Section 2.1 is not merely a theoretical curiosity. In finite sam-
ples, it can dominate the behavior of conventional matching estimators and
generate biases several times larger than the underlying treatment effect.
The proposed adjustments substantially reduce this bias, indicating that the
problem can be addressed without abandoning matching-based estimation

altogether.
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4 Applications

The simulation exercises above demonstrate that systematic mismatch can
generate substantial bias even when the conditional independence assump-
tion is satisfied. The next question is whether the same mechanism is quan-
titatively important in empirical applications. To test this, I study two ap-
plications where an actual random experiment was conducted, which gives a

natural benchmark against which to test the estimator.

4.1 Application: The National Supported Work Demon-

stration

To investigate this question, I apply the proposed estimators to the data
originally analyzed by LalLonde (1986). The data is based on the National
Supported Work Demonstration, a labor market program targeted at individ-
uals with particularly weak labor market attachment. Program participants
were randomly assigned either to receive training and job placement assis-
tance or to a control group. As a result, the experimental data provides a
credible benchmark estimate of the treatment effect.

The importance of the Lalonde data extends beyond the evaluation of
the program itself. Lalonde combined the experimental sample with two
nonexperimental comparison groups and asked whether contemporary ob-
servational methods could recover the experimental benchmark. His first
group of potential controls is from Westat’s Matched Current Population
Survey—Social Security Administration File, including potential workers (un-
der 55) meeting Westat’s criteria (CPS in the following). His second group is
from the Panel Study of Income Dynamics and includes household heads un-
der 55 from 1975 to 1978 (PSID in the following). His conclusion was largely
negative: The nonexperimental estimators using either group of observations
often produced estimates that differed substantially from the experimental
result.

Imbens and Xu (2025) revisit the original paper and conclude that with

modern estimators, the original effects can often be retrieved. However, they
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highlight the importance of understanding treatment assignment mechanism,
estimating propensity scores flexibly, verifying overlap and common support,
trimming observations with poor overlap, employing modern doubly-robust
estimators where possible, and validating identification assumptions through
placebo and sensitivity analysis. After substantial trimming of the data and
careful examination of outliers, many modern estimators yield something in
the vicinity of the actual treatment effect. However, standard errors are very
large and results often not significant. When using the PSID data, their
trimming changes the population so much that the experimentally confirmed
ATT of the surviving observations is close to zero. While modern estimators
can recover this parameter, the resulting estimand differs markedly from the
original treatment effect of interest.

This application is particularly suited for the present paper: The experi-
mental benchmark provides an objective measure of estimator performance.
The problem is challenging for modern estimators due to the sparse data and
imperfect control observations. The new estimators discussed in Section 2.1
are designed for situations with finite samples. If the mixed performance of
modern estimators is due to systematic mismatch as discussed above, the
new estimators should recover the experimental estimate more closely than
conventional matching procedures.

I apply my estimators to the untrimmed data to minimize the amount of
user discretion. Figure 6 reports mismatch and the results from conventional
and new estimators. When using conventional matching in the untrimmed
data set, there is substantial systematic mismatch (Panel 6¢ and 6d). Nearest
Neighbor Matching is one of the better performing estimators from Imbens
and Xu (2025) and yields an estimate close to the experimental benchmark,
but without statistical significance. Error Accumulation in particular esti-
mates a statistically significant effect very close to the experimental baseline.

It is noteworthy that counter to the simulation exercise above, propen-
sity score based methods consistently perform worse than their counterparts
(both for new and conventional estimators). In this application, the propen-
sity score might not be estimated correctly (either in terms of specification,

finite sample imprecision or omitted variables) leading to finite sample prob-
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lems for all estimators based on that metric. The propensity score reweight-
ing technique is especially vulnerable to this, with its reliance not only on
propensity score, but on their ratios, leading to extremely imprecise estima-
tions. Its results are unstable, imprecise and substantially different from the
ATT in this observation.

Ex ante reweighting yields results that are not statistically different from
the experimental benchmark, but consistently too low. It is worth high-
lighting that only 4 out of the 10 variables in this application have (quasi-)
continuous values and thus are amenable to the optimization used. The im-
plementation used recognizes these issues and reports non-convergence for a
substantial share of observations and variables.

Both the error accumulation and the ex ante reweighting technique com-
pare favorably to the conventional estimators reported in Imbens and Xu
(2025) with and without trimming, particularly in terms of confidence bands.
Importantly, these results are obtained without aggressive trimming of the
data or extensive specification search. Given the relatively small sample size
and the high variance of the estimators, the primary advantage of the pro-
posed methods in this application appears to lie in precision rather than large
reductions in average bias. Most conventional estimators produce confidence
intervals spanning from approximately zero to more than twice the experi-
mental treatment effect, making it difficult to determine whether the point
estimates are meaningfully biased.

This application further supports the view that aggressive calipers (which
are implemented by Imbens and Xu (2025) via trimming) can limit the bias
in practice, but this strategy comes with high costs: Dropping observations
changes the estimated ATT to one that is of less interest and decreases ob-
servations and thus statistical power. Error accumulation in particular can

avoid these issues in this application.
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Figure 6: Application: National Supported Work Demonstration

(a) CPS observational data (b) PSID observational data
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Notes: Performance of conventional and the newly proposed estimators when eval-
uating the National Supported Work Demonstration (LaLonde, 1986), using the
data from Imbens and Xu (2025). Panels 6a and 6¢ use control observations from
the CPS data and Panel 6b and 6d from PSID. I use the data without trimming.
Mahalanobis matching with error accumulation (section 2.4.2) recovers the ATT
with much tighter confidence bands. Ex ante reweighted Mahalanobis match-
ing (section 2.4.1) is statistically indistinguishable from the benchmark and has
lower variance, but estimates a substantially smaller effect.® Truncated ex post
reweighting (section 2.4.3) performs worst. Simple Nearest Neighbor matching on
Mahalanobis distance also recovers the ATT, though the confidence band is very
large. Unadjusted propensity score matching (as an example of conventional es-
timators) produces large mismatch below the aggregate statistics (Panel 6¢ and
6d).

Source: Data from Imbens and Xu (2025).

“However, note that ex ante reweighted Mahalanobis targets an ATT where obser-
vations have different weights and is thus strictly speaking not completely comparable
(section 2.4.1).
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4.2 Application: Subsidized Home Ownership in Ok-

lahoma

Next, I apply the estimators to Grinstein-Weiss et al. (2013). They study
the long-run effects of Individual Development Accounts (IDAs), a savings
subsidy program targeted at low-income households. In a randomized exper-
iment conducted in Tulsa, Oklahoma, treatment-group participants received
matched savings accounts that subsidized home down payments at a 2:1 rate.
Earlier work found that the program substantially increased home ownership
rates during the active subsidy period (7%), particularly among renters Mills
et al. (2008).

Grinstein-Weiss et al. (2013) examined whether these gains persisted after
the program ended. They find that the initially large treatment effects on
home ownership largely disappeared over time. Control-group households
caught up rapidly after the program ended, implying that the program mainly
shifted the timing of home purchases rather than permanently increasing
home ownership. By 2009, the estimated effects on home ownership rates,
years of ownership, home equity, and foreclosure outcomes were economically
small and statistically insignificant.

For the purposes of this paper, the application is useful for two reasons.
First, the data features substantial heterogeneity and relatively sparse sup-
port. Second, the existence of a randomized benchmark makes it possible to
assess whether the proposed estimators reduce mismatch relative to conven-
tional matching procedures and whether this translates into improved finite
sample performance. Due to data sparsity, no baseline estimators are statis-
tically significantly different from the 7% difference reported in Mills et al.
(2008).

Figure 7 reports the results from my examination. Panel 7a shows that
there is systematic mismatch between treatment and control observations
in all variables with more than ten values (the study design relies heavily
on dummies and categorial variables): Small variable values are matched
to larger counterparts and vice versa. This pattern conforms to the trends

established in the simulation study. Panel 7b reports the estimation results
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Figure 7: Application: Long Term Effect of IDA on Home Ouwnership

(a) Systematic Mismatch (b) Estimation Results
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Notes: Reproduction of Grinstein-Weiss et al. (2013). Panel 7a demonstrates the
mismatch in the 4 variables (out of 33) with more than 10 distinct values: The
research design relies heavily on dummies and categorization. Panel 7b reports
the results from conventional and the newly proposed estimators. The research
design evaluates the IDA program of home ownership subsidies in Tulsa 6 years
after the end of the program. While the program was running, home ownership
was 7% higher in the treatment group (black line).

Source: Data from Grinstein-Weiss et al. (2013).

with conventional matching estimators, ex post reweighting and Mahalanobis
matching with error accumulation. Both new estimators are closer to the
experimental DiD estimate, they also have lower variance. As in section 4.1,
nearest neighbor Mahalanobis matching with accumulating errors is the best
performer both in bias and variance. It is also the only estimator that has
substantially more statistical power than the simple experimental DiD.

The vector of covariates in this study contains 29 dummy and categorical
variables with fewer than 10 distinct values. This makes ex ante reweighted
Mahalanobis Matching unsuitable, since the estimator was designed for con-
tinuous covariates to produce a differentiable objective. For example, a bi-
nary gender indicator cannot be reweighted continuously to eliminate ex-
pected mismatch: Females can only be mismatched to males and vice versa.
When the estimator is applied nonetheless, all observations are flagged as
failed convergence cases. In this sense, the estimator correctly identifies the

setting as unsuitable for its underlying optimization procedure. However,
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dummy variables are widespread in matching, so this is a shortcoming of this

technique in practice.

4.3 Application: Placebo Inventor Program after

German Reunification

To also test matching in a difference-in-differences setting, I construct a
placebo treatment in a panel of German inventors around reunification.
Patent and inventor data provide a frequent setting for matching in a difference-
in-differences framework because they contain large numbers of potential
controls and rich information on pre-treatment inventor characteristics (for
recent applications, see e.g. Domnik et al. (2026); Prato (2025); Brauer
(2024)).

The German state faced substantial challenges in extending a market
economy to the previously communist East Germany. Even today, produc-
tivity and innovation outcomes in East Germany are substantially below the
West German average. A detailed discussion of the historical context, the
communist system and its economic impact can be found in Akcigit et al.
(2026), a description of the East German patent system and the movement
of inventors in Fritsch et al. (2025); Hiilnermund and Hipp (2025). However,
I refrain from discussing the institutional background in detail, since the
placebo program is self-constructed.

[ use the patent data provided by the EPO (PATSTAT) to study the effect
of a hypothetical inventor program in 1992, aimed at increasing innovation
in both parts of the country and technology diffusion between them. The
program targets inventors who were active both before and after reunifica-
tion, active in 1991 or 1992 and who were located in either part of Germany
both in 1989 (before reunification) and in 1992.

Among eligible inventors, treatment is assigned probabilistically, but more
productive and more mobile inventors are more likely to be treated: Treat-
ment propensity is increasing in cumulative patenting in German patent of-
fices (as a measure of the inventor’s prior visibility) and in the inventor’s

cumulative number of previous moves (as a measure of ex ante mobility).
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Since the treatment is artificially generated, the true treatment effect is zero
by construction.

The raw patenting data published by the EPO does not contain readily
usable inventor identifiers, complete localization on the East-West Germany
level or broad technology indicators appropriate for the study. These are con-
structed ex post. Most importantly, inventor IDs are disambiguated starting
from name strings using coauthor, firm, location and technology connections
between inventors with similar names. Locations are taken from inventor and
firm address information and imputed where unavailable. After this process,
there are roughly 10.000 inventors in East Germany and 60.000 in the West
around reunification. Of these, 6.000 end up in the event study either in the
treatment or the control group — most inventors only patent once and are
thus not eligible. The entire process is described in Bréauer (2024) in detail,
but not elaborated here for brevity of exposition: Since the placebo treat-
ment is assigned within the constructed data, the exercise does not require
that the underlying data-construction procedures recover the true treatment
status of individual inventors.

The matching procedure uses information available prior to treatment.
The matching variables comprise cumulative patenting in German and world-
wide patent offices, current and lagged annual patenting in German and
worldwide patent offices, and cumulative previous mobility. Thus, the treat-
ment determining variables are included among the matching variables.?
To ensure comparability along particularly important discrete dimensions,
matching is performed exactly within cells defined by the inventor’s location
in 1989, location in 1992, and technological community. The latter is based
on the technological content of the inventor’s patent portfolio. There are
six broad technological communities in the final sample, four predominantly
industrial communities, a life-sciences community, and an ICT community.
The resulting design therefore combines a plausible source of treatment se-
lection with substantial observable heterogeneity in inventor productivity,
career history, technology, and location, while retaining a known zero treat-

ment effect against which the matching estimators can be evaluated.

3Throughout the application, each inventor receives % of a patent with n coauthors.
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Figure 8: Application: Placebo Inventor Program
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Source: Data from EPO & DPMA.
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Figure 8 shows the resulting event study (targeting the ATT) across three
different outcomes: cumulative inventor exit (Panel 8b), cumulative number
of inventor moves (Panel 8c) and cumulative patents (Panel 8d). As expected,
there is substantial systematic mismatch within the matching variables in the
pre-treatment periods (Panel 8a). I again find that small values are matched
with too large controls and vice versa. The remaining panels report event
study estimates based on three estimation strategies: Just using the un-
treated inventors as controls, using a standard Mahalanobis distance nearest
neighbor matching estimator and using the error accumulation technique dis-
cussed in section 2.4.2. Conventional matching substantially improves upon
using the unmatched controls.

Figure 8 also illustrates that the consequences of the systematic mismatch
depend on the outcome function and therefore differ across outcomes: Exit
and Nr. of moves appeared to be well matched ex ante, with no pre-trends
to speak of. However, treated and control observations diverge post placebo
for both variables: There must be a nonlinear relationship between patent
productivity and both exit and movement probability. In contrast, patent
output remains visibly unbalanced even in aggregate. This is due to the ex-
tremely skewed distribution of patent output amongst the potential control
inventors: They have 11 patents on average, but with a variance of 103, a
Skewness of 3 and a Kurtosis of 21. The top 65 inventors are responsible for
10% of the output in the sample of potential controls. More importantly, 90%
of the treated inventors have more controls with less output than with more,
explaining the substantial drift. This is a feature of the highly skewed Pois-
son distribution that approximately describes patenting output in general.
As a result of that imbalance, the event study graph for patent output ex-
hibits a clear pre-trend, which should caution the researcher against a causal
interpretation of the post-treatment estimates. Error accumulation cannot
eliminate the pre-trend entirely, but shrinks it substantially. This illustrates
how accounting for accumulated matching error can substantially improve
the credibility of a matching-based DiD design, although the remaining pre-
trend suggests that further improvements to the estimator would be required

in this application, for example by exploiting the time dimension of the data
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or explicitly accounting for the unusual distributions of patenting outcome

variables.

5 Conclusion

This paper has discussed a structural problem of contemporary matching
estimators. I have shown that under reasonable assumptions, Y match-
ing estimators have systematic mismatch in finite samples. The underlying
mechanism is that some regions in the covariate space have higher densities,
so it is more likely that matches can be found there. The estimator will
thus gravitate to such regions when matching the surrounding observations.
Using simulation exercises, I demonstrate that this drift is substantial, not
detected by conventional balance tests and vanishes so slowly when increas-
ing the sample size that all practical applications should be considered finite
sample estimates for the purposes of this bias.

This mismatch tendency biases the estimator if the potential outcomes
Y] and Yj are a nonlinear function of 7 or if there are interactions between
variables. This mechanism can also lead to persistent aggregate mismatch
when joint distributions of ? are degenerate in such a way that ’'drift’ in
matching is always in one direction. However, conventional balance tests
will flag such cases and thus likely prevent publication of the results.

I develop three different strategies on how to mitigate or even eliminate
this bias: Either, one can observe the drift and then alter the distance metric
used in matching to correct this tendency. This is the most direct interven-
tion, but computationally expensive. Alternatively, it is possible to observe
mismatch and correct in the other direction when matching 'the next closest’
observation. This error accumulation technique breaks the usual indepen-
dence between the matching of individual observations. The estimator thus
consists of both an order in which observations are matched and a distance
metric. It performs best in practice. Last, correctly estimated propensity
scores yield a formula for the probability with which the bias inherent in
each matching pair enters the estimation. It is possible to ex post reweight

pairs and theoretically cancel out arbitrary bias, not just from the mecha-
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nism studied here. However, this is very sensitive to the propensity score
estimate.

I apply both the new and conventional estimators to three applications
with public data and treatment randomization, one of which is a difference-
in-differences design. These studies yield a natural benchmark, since the true
effect is known. In all cases, the new estimators can offer substantial improve-
ments, with error accumulation with Mahalanobis matching performing best.
In small applications, conventional estimators have large standard errors,
which are substantially reduced after correcting for systemic mismatch. In
two cases, the error accumulation technique recovers the experimental bench-
mark faithfully. In the event study, it substantially improves on conventional
matching but cannot fully eliminate the dynamic bias with the given sample
size. Among the three new estimation strategies, it is the most robust in
practice as it does not rely on either precisely estimated propensity scores
or on continuous optimization techniques. Since it is also the conceptually

simplest estimator, I recommend its use for future matching exercises.
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