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Abstract. This paper critically examines dual-centered ANCOVA, pro-
posed by Lin and Larzelere (2020) and Larzelere and Lin (2025), which
is claimed to accommodate a Treatment × Pretest interaction while pre-
serving the difference-in-differences (DiD) estimate. We take issue with
their claims on four grounds. First, DiD without an interaction term
does not assume constant treatment effects; under the parallel trends
assumption, it identifies the average treatment effect on the treated even
when treatment effects vary across pretest scores. Second, ANCOVA re-
quires correctly modeling the conditional expectation of the outcome in
order to identify causal effects, whereas DiD does not, so the concern
about omitting an interaction term applies to ANCOVA but not to DiD.
Third, dual-centered ANCOVA is not a distinct ANCOVA-type method
but merely a re-expression of DiD, sharing the same estimand and iden-
tification conditions. Fourth, the claimed innovation of presenting both
estimates—the DiD estimate of the treatment effect and the ANCOVA
estimate of the interaction term—within a single model offers little prac-
tical advantage, because obtaining correct standard errors requires a sec-
ond analysis. Overall, we argue that dual-centered ANCOVA is based on
a misunderstanding of what DiD assumes and is better understood as a
re-expression of existing analytic methods rather than a methodological
innovation.

Keywords: Difference-in-Differences · Dual-Centered ANCOVA · Par-
allel Trends Assumption · Effect Heterogeneity · Causal Inference

1 Introduction

In two-group, two-period settings, two approaches have been frequently used
to estimate treatment effects: Analysis of Covariance (ANCOVA) and difference-
in-differences (DiD). ANCOVA regresses the posttest score on the treatment
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indicator while controlling for the pretest score as a covariate. DiD regresses the
gain score (i.e., posttest minus pretest) on the treatment indicator. Although
both approaches use the same data, they target different estimands, rely on
different assumptions (Holland & Rubin, 1983; Kim & Steiner, 2021; Lüdtke &
Robitzsch, 2025), and often produce different—even contradictory—treatment
effect estimates (Lord, 1967; Lüdtke & Robitzsch, 2025; Maris, 1998).

ANCOVA and DiD have different strengths and limitations. ANCOVA is
statistically efficient: adjusting for the pretest reduces residual variance and in-
creases the precision of the treatment effect estimate (Senn, 2006; van Breukelen,
2006). However, in nonrandomized settings, the treatment effect estimate may
be biased if pretest adjustment is insufficient to remove all confounding, or if the
pretest is measured with error (Allison, 1990; Huitema, 2011; Jamieson, 2004).
DiD, by contrast, is typically less efficient but, under the parallel trends as-
sumption, can identify the treatment effect without bias even in the presence of
time-invariant confounders (Callaway & Sant’Anna, 2021; Lechner, 2011). In ad-
dition, DiD has also been shown to be relatively robust to pretest measurement
error, bias amplification, and collider bias (Kim & Steiner, 2021).

As an attempt to combine the strengths of the two approaches, Lin and
Larzelere (2020) proposed a method called dual-centered ANCOVA, in which
both the pretest and posttest scores are centered around the pretest group means
before the analysis. They claim that this makes the treatment effect estimate
equal to the DiD estimate while retaining an ANCOVA-type regression spec-
ification. More recently, Larzelere and Lin (2025) extended this approach and
claim that dual-centered ANCOVA can accommodate a Treatment × Pretest
interaction term while preserving the DiD estimate.

The purpose of the present paper is to critically examine these claims. We
show that their claims are problematic and limited in four respects: (i) DiD does
not assume constant treatment effects, contrary to what Larzelere and Lin (2025)
maintain; (ii) ANCOVA requires correctly modeling the conditional expectation
of the outcome, whereas DiD does not rely on such outcome modeling; (iii) dual-
centered ANCOVA is not a distinct method but DiD itself; and (iv) the claimed
innovation of displaying both estimates in a single model is undermined by the
need for a second analysis to obtain correct standard errors.

The remainder of this paper is organized as follows. Section 2 reviews the
claims of Larzelere and Lin (2025), including the relevant ideas from Lin and
Larzelere (2020). Section 3 presents our critical examination of their claims.
Section 4 concludes the paper.

2 Review of Larzelere and Lin (2025)

Larzelere and Lin (2025) extend their earlier proposal of dual-centered
ANCOVA (Lin & Larzelere, 2020) to examine whether the treatment effect varies
across levels of the pretest. They show that adding the pretest main effect and
the Treatment × Pretest interaction directly to a DiD equation transforms the
estimate of treatment effect into the ANCOVA estimate, and they propose dual-
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centered ANCOVA as a way to avoid this. More specifically, their argument is
as follows. Consider the ANCOVA model,

E[Y | A, P ] = a0 + a1A + a2P,

and the DiD model,
E[Y − P | A] = b0 + b1A,

where A is the treatment indicator, P is the pretest, and Y is the posttest. The
treatment effect estimates a1 and b1 generally differ when the pretest means are
unequal across groups, as is often the case in nonrandomized settings. The basic
dual-centered ANCOVA model, presented by Lin and Larzelere (2020), is given
by

E[Y − P̃ | A, P ] = c0 + c1A + c2(P − P̃ ),
where P̃ is the group-specific pretest mean. Because both the pretest and the
posttest are centered around P̃ , the centered pretest has mean zero in each
group, so that the pretest means are equal across groups by construction. Lin
and Larzelere (2020) show that the coefficient on treatment in the dual-centered
ANCOVA model, c1, is equal to b1, the DiD estimate. On this basis, they de-
scribe dual-centered ANCOVA as a “modification of quasi-ANCOVA” (p. 138),
presenting it as a new method introduced in their study (see their discussion
on p. 136), thereby treating it as distinct from DiD, even though it “makes the
estimated effect equivalent to the estimate from difference-score analyses [i.e.,
DiD]” (p. 138).

Building on this earlier proposal, the main claimed contribution of Larzelere
and Lin (2025) is an extension designed to test whether the treatment effect
varies across pretest levels while preserving the DiD estimate. They show that,
when both the pretest main effect and the Treatment × Pretest interaction are
added to a DiD model,

E[Y − P | A, P ] = d0 + d1A + d2P + d3AP,

the resulting equation becomes mathematically equivalent to the corresponding
ANCOVA model with the same interaction,

E[Y | A, P ] = d0 + d1A + (d2 + 1)P + d3AP,

with the only difference being the coefficient on the pretest term. They describe
this result as showing that the coefficient on treatment, d1, is transformed from
the DiD estimate into the ANCOVA estimate. On this basis, they treat this as
a limitation of DiD, namely, that DiD cannot natively accommodate such an
interaction without changing the treatment effect estimate. Furthermore, they
claim that “without Treatment × Pretest interactions, difference-in-differences
are limited to assuming that the estimated treatment effects are identical at
every pretest score, an untenable assumption without sufficient evidence” (p.
61, emphasis added).

Larzelere and Lin (2025) then present dual-centered ANCOVA as a method
that can overcome this limitation. They claim: “The lack of a parallel way to
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test Treatment × Pretest interactions in difference-in-differences appears to be
a limitation in such analyses, one that can be overcome after centering all data
on the pretest group means” (pp. 61–62). The dual-centered ANCOVA model
with an interaction term proposed by Larzelere and Lin (2025) is

E[Y − P̃ | A, P ] = w0 + w1A + w2(P − P̃ ) + w3A(P − P̃ ). (1)

They describe it as an “innovation” (p. 61) and state that “the dual-centered
data can be analyzed with ANCOVA to test a Treatment × Pretest interaction in
a model duplicating the treatment effect from difference-in-differences” (pp. 52–
53), that is, w1 = b1, and w3 = d3.

Larzelere and Lin (2025) further claim that “To our knowledge, there is
no generally accepted method of testing a Treatment × Pretest interaction
within difference-in-differences without changing the main effect of treatment
to ANCOVA’s estimate” (p. 54), and repeat the same point in their discussion:
“We do not know of a better way to test Treatment × Pretest interactions in
difference-in-differences” (p. 61). They therefore claim that their proposed dual-
centered ANCOVA makes it possible to obtain, within a single model, both
estimates—the DiD estimate of the treatment effect and the ANCOVA estimate
of the coefficient on the interaction term.

3 Examinations of Dual-Centered ANCOVA

3.1 Does DiD Assume Constant Effects?

As reviewed in Section 2, Larzelere and Lin (2025) treat the possibility of
including an interaction term in the regression equation as equivalent to allowing
treatment effect heterogeneity, leading them to claim that DiD necessarily as-
sumes a constant treatment effect (see their discussion on p. 61). This, however,
does not follow.

Admittedly, some studies in the DiD literature assume a constant treatment
effect for convenience and simplicity of exposition (e.g., Kim & Steiner, 2021;
van Breukelen, 2013), but such an assumption is not necessary for applying
DiD. Even if there is no interaction term in the analytic model, DiD does not
assume that the treatment effect is the same across pretest scores. As long as the
parallel trends assumption holds—together with the standard causal conditions
such as the stable unit treatment value assumption (SUTVA)—DiD can identify
the ATT even when treatment effects are heterogeneous across units (Lechner,
2011).

To make this concrete, consider the following outcome data-generating pro-
cess (DGP), which is assumed here to underlie the analytic model used by
Larzelere and Lin (2025).1

Y = α + βP + (γ0 + γ1P ) · A + ε, ε ⊥ (A, P ), (2)
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where ε is a structural error term. Let Y (1) and Y (0) denote the potential
posttest outcomes under treatment (A = 1) and control (A = 0), respectively
(Holland, 1986; Rubin, 1974). From the DGP in Equation (2), the potential
outcomes are

Y (1) = α + βP + γ0 + γ1P + ε,

Y (0) = α + βP + ε,

so that the individual-level causal effect, defined as the difference between the
two potential outcomes, is

Y (1) − Y (0) = γ0 + γ1P. (3)

When γ1 ̸= 0, treatment effects are heterogeneous across units, as the effect
varies with the level of the pretest score P .

Now consider the DiD estimator, which is the treatment group difference in
posttest-pretest differences:

E[Y − P | A = 1] − E[Y − P | A = 0].

Note that under consistency, Y = Y (1) for units with A = 1 and Y = Y (0)
for units with A = 0 (Holland, 1986; Rubin, 1974). In contrast, because P is
measured before treatment, P is unaffected by A, so P (1) = P (0) = P . The DiD
estimator can then be written as

E[Y (1) − P | A = 1] − E[Y (0) − P | A = 0].

Adding and subtracting E[Y (0) − P | A = 1] gives{
E[Y (1) − P | A = 1] − E[Y (0) − P | A = 1]

}
+

{
E[Y (0) − P | A = 1] − E[Y (0) − P | A = 0]

}
.

The second term is the difference in no-treatment trends between groups. Under
the parallel trends assumption, the second term equals zero.2 Thus, the DiD
1 It should be noted that Equation (2) imposes no restriction on the relationship be-

tween A and P and therefore permits treatment assignment to depend on the pretest,
including through P → A. From an identification perspective, DiD does not require
the absence of P → A as a separate condition; rather, it requires the parallel trends
assumption to hold under the actual treatment assignment mechanism. Thus, the
parallel trends assumption can, in principle, hold even when P → A (see Footnote 2
for the corresponding mathematical conditions). In practice, however, such depen-
dence may make the assumption less plausible and more difficult to assess (Kim &
Steiner, 2021).

2 Under the DGP specified in Equation (2), the parallel trends assumption is equiva-
lent to (β − 1){E[P | A = 1] − E[P | A = 0]} = 0. This equality holds if either β = 1
or E[P | A = 1] = E[P | A = 0]. Here, under the stipulated DGP, β = 1 means
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estimator becomes the treated-group average difference in potential outcomes:

E[Y − P | A = 1] − E[Y − P | A = 0]
= E[Y (1) − P | A = 1] − E[Y (0) − P | A = 1]
= E[Y (1) − Y (0) | A = 1].

Substituting Equation (3) into the final expression gives

E[Y − P | A = 1] − E[Y − P | A = 0] = E[γ0 + γ1P | A = 1]
= γ0 + γ1 · E[P | A = 1].

(4)

Whatever heterogeneity exists in the treatment effect—here captured by
γ1P—is automatically averaged over the treated group, whether or not the an-
alyst intends this to happen. Therefore, under the parallel trends assumption,
what standard DiD—which, according to Larzelere and Lin (2025), does not in-
clude an interaction term—identifies is the average effect for the treated group,
not a constant effect at every value of the pretest. Whether one wishes to model
such heterogeneity explicitly with interaction terms is a separate analytic ques-
tion, which is taken up in the next section.

3.2 ANCOVA Requires Outcome Modeling; DiD Does Not

If DiD does not assume constant treatment effects, then what kind of prob-
lem are Larzelere and Lin (2025) actually pointing to? Our argument is that
their concern about a Treatment × Pretest interaction is relevant to ANCOVA,
but not to DiD. The reason is that ANCOVA requires correctly modeling the
conditional expectation of the outcome, whereas DiD does not. The following
discussion makes this point more concrete.

As established earlier, under the DGP in Equation (2) and the parallel trends
assumption, DiD identifies, as shown in Equation (4),

γ0 + γ1 · E[P | A = 1],

which is the ATT. Importantly, no interaction term—or any outcome model—is
required to arrive at this result.

that a one-point increase in P shifts the conditional mean of the untreated potential
posttest outcome Y (0) by one point, so that the between-group mean difference in
Y (0) equals the between-group mean difference observed at pretest. Alternatively,
the parallel trends assumption holds when E[P | A = 1] = E[P | A = 0]. This condi-
tion is satisfied, for example, when treatment assignment is independent of P , as in
RCTs. We emphasize that these conditions are not additional identifying assump-
tions but rather the model-specific algebraic form of the parallel trends assumption
under the stipulated DGP; they should not be interpreted as implying either that
DiD is generally appropriate whenever P → A or that β = 1 is generally plausible
in nonrandomized settings.
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ANCOVA, by contrast, requires correct outcome modeling. To see this, recall
that under the DGP in Equation (2), the pretest-specific treatment effect, τ(P ),
is given by Equation (3),

τ(P ) = γ0 + γ1P.

If the model correctly reflects the DGP in Equation (2),

E[Y | A, P ] = a0 + a1A + a2P + a3AP,

it can then estimate τ(P ) at each pretest value, from which the ATE can be re-
covered via standardization (or g-computation) (Hernán & Robins, 2020; Robins,
1986; Snowden, Rose, & Mortimer, 2011):

E[τ(P )] = γ0 + γ1E[P ]. (5)

If the ANCOVA model is misspecified by omitting the interaction,

E[Y | A, P ] = a′
0 + a′

1A + a′
2P,

the coefficient on treatment, a′
1, generally recovers a weighted average of τ(P ),

with weights induced by the residual variation in treatment after adjusting for P ,
rather than the ATE in Equation (5) (Angrist, 1998; Morgan & Winship, 2015;
S loczyński, 2022). This means that, in ANCOVA, misspecifying the functional
form or omitting relevant interactions can cause the treatment effect estimate
to miss its causal target, even when the key confounder (i.e., the pretest) is
included.

In this sense, whether to add an interaction term is not simply a matter
of analytic preference in ANCOVA; it is directly tied to whether the estimator
can reach its causal target. This is why it is essential in ANCOVA to examine
interaction terms carefully and specify the correct functional form. However, this
requirement does not apply to DiD.

3.3 Is Dual-Centered ANCOVA Distinct from DiD?

Lin and Larzelere (2020) characterize dual-centered ANCOVA as a newly
introduced ANCOVA-type method, effectively presenting it as distinct from DiD
(see also Larzelere & Lin, 2025). However, according to our discussion, although
dual-centered ANCOVA appears on the surface to represent a different analysis,
from the viewpoint of obtaining the treatment effect estimate, it is in fact DiD
itself. We demonstrate this algebraically and through an intuitive illustration.

Dual-centered ANCOVA analyzes Equation (1). Using the notation Y ∗ =
Y − P̃ and P ∗ = P − P̃ , this model can be written as

E[Y ∗ | A, P ∗] = w0 + w1A + w2P ∗ + w3AP ∗.

Because P ∗ is centered within each group by construction,

E[P ∗ | A = 1] = E[P ∗ | A = 0] = 0. (6)
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Furthermore, since A = 1 and A = 0 imply AP ∗ = P ∗ and AP ∗ = 0, respectively,

E[AP ∗ | A = 1] = E[P ∗ | A = 1] = 0 and E[AP ∗ | A = 0] = 0. (7)

Equations (6) and (7) together imply

Cov(A, P ∗) = 0 and Cov(A, AP ∗) = 0.

Because both P ∗ and AP ∗ are uncorrelated with A, whether or not they are
included as regressors does not affect the coefficient on A. Therefore, the coef-
ficient on treatment in dual-centered ANCOVA, w1, equals w′

1 in the reduced
model,

E[Y ∗ | A] = w′
0 + w′

1A. (8)

Since P ∗ = P − P̃ , we have P̃ = P − P ∗. Then,

Y ∗ = Y − P̃ = Y − (P − P ∗) = Y − P + P ∗. (9)

Substituting Equation (9) into Equation (8) and using Equation (6) to compute
the conditional means for each group gives

E[Y ∗ | A = 1] = E[Y | A = 1] − E[P | A = 1] = w′
0 + w′

1,

E[Y ∗ | A = 0] = E[Y | A = 0] − E[P | A = 0] = w′
0.

Thus, w′
1 is exactly the DiD estimator:

w′
1 =

{
E[Y | A = 1] − E[P | A = 1]

}
−

{
E[Y | A = 0] − E[P | A = 0]

}
= E[Y − P | A = 1] − E[Y − P | A = 0].

As the derivation above shows, it is not merely that the two methods—dual-
centered ANCOVA and DiD—yield the same estimate, but that they target the
same estimand. Therefore, with respect to the treatment effect estimate, dual-
centered ANCOVA is not a new ANCOVA-type method, but DiD itself.

The same point can be seen more intuitively by looking at what dual-centering
does to the data. Dual-centered ANCOVA analyzes data after subtracting each
group’s pretest mean from both the pretest and posttest scores of individuals in
that group. This means that the treatment-group and control-group line plots
in Figure 1(a), which represent the usual DiD setting, are both shifted vertically
so that the pretest mean becomes zero in each group, as shown in Figure 1(b).
Figure 1(b) corresponds to Equation (8). As a result, the data are transformed
into the form shown in Figure 1(b), where the between-group mean difference
in Y ∗ directly corresponds to the DiD estimate. Dual-centered ANCOVA should
therefore be understood as DiD itself, conducted after transforming the data so
that the two groups share the same pretest mean.
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Figure 1(a). Usual DiD estimation: the
thick solid line indicates the treatment
group, the thin solid line indicates the
control group, and the dashed lines repre-
sent the parallel trends assumption. The
difference shown in the graph is calculated
as the DiD estimate.

Figure 1(b). Estimation in dual-centered
ANCOVA: by transforming the data, the
graph in Figure 1(a) is vertically trans-
lated as above so that the between-group
mean difference in Y ∗ is directly calcu-
lated as the DiD estimate.

3.4 Presenting DiD and ANCOVA Together: How Novel Is That?

Despite the three points raised above, one might still maintain that dual-
centered ANCOVA constitutes an “innovation” in the limited sense that it de-
livers, within a single model, both the DiD estimate of the treatment effect and
the ANCOVA estimate of the coefficient on the interaction term (see their dis-
cussion on pp. 61–62). However, this claim is undermined on closer examination:
obtaining correct standard errors requires a second analysis, regardless of how
the regression equation is written.

Brorsen, Lin, and Larzelere (2025) show that group-mean centering creates
a generated regressor problem, because the centered pretest term, P − P̃ in
Equation (1), is not directly observed but is estimated from the data. As a
result, standard statistical packages report a standard error of the treatment
effect estimate that is too small. To obtain the correct standard error, one must
use either the 2SLS correction or a separate DiD analysis.

Larzelere and Lin (2025) also note this problem; nevertheless, their acknowl-
edgment calls into question the claimed innovation of dual-centered ANCOVA
with the interaction term. The correct standard error of the coefficient on the
interaction term can be obtained directly from the OLS fit of the dual-centered
ANCOVA model, but the correct standard error of the treatment effect esti-
mate still requires either the 2SLS correction or a separate DiD analysis. In
other words, although dual-centered ANCOVA appears to deliver both point
estimates from a single analysis, obtaining correct inferences in fact requires
two analyses in practice. At that point, the procedure offers little practical ad-
vantage over simply running DiD and ANCOVA separately—the very approach
that dual-centered ANCOVA was meant to improve upon. What was claimed as
a one-analysis convenience therefore turns out to require two analyses, leaving
little that is genuinely novel.
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4 Conclusion

Analytic methods should be distinguished by the estimand they target and
their identification logic—including the assumptions it requires—rather than by
the surface form of the regression equation (Dahabreh & Bibbins-Domingo, 2024;
Petersen & van der Laan, 2014). Viewed from this perspective, dual-centered
ANCOVA shares the same estimand and identification conditions as DiD—
both target the ATT under the parallel trends assumption—and what differs
is only the way the regression equation is written. Indeed, Lin and Larzelere
(2020) themselves note that “the consistent causal estimates from dual-centered
ANCOVA were unbiased only if the original difference-score analysis was un-
biased” (p. 143)—which implies that the causal justification of the treatment
effect estimate ultimately rests on the identification conditions of DiD. The role
of centering, in turn, is not to introduce a new identification strategy. Rather, it is
merely an algebraic device that rewrites the regression equation so that the treat-
ment effect estimate already obtainable from DiD appears in an ANCOVA-type
regression equation. Dual centering simply alters how the regression equation
looks, but not what it identifies.

This is not merely a terminological dispute. Presenting dual-centered
ANCOVA as a way of testing Treatment × Pretest interactions within DiD
risks reinforcing the misconception that DiD itself requires interaction terms
for valid causal identification—a misconception evident in Larzelere and Lin
(2025)’s claim that DiD without such interactions is “limited to assuming that
the estimated treatment effects are identical at every pretest score” (p. 61).
Such a view places unnecessary modeling demands on DiD and casts unwar-
ranted doubt on standard DiD estimates that already identify the ATT under
heterogeneous treatment effects. Being explicit about what each method—DiD
or ANCOVA—requires and what it identifies is therefore not merely a matter
of conceptual tidiness, but a safeguard against carrying modeling concerns from
one framework into another where they do not apply.
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