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Abstract. We introduce a way to test Treatment X Pretest interactions
within difference-in-differences (DID). Mathematically adding a Treat-
ment X Pretest interaction to DID transforms the treatment estimate
to an ANCOVA-type estimate, which differs from DID’s estimate and
is often biased against at-risk cases. Dual-centered ANCOVA duplicates
DID’s treatment estimate and can test whether that estimate varies by
pretest scores. To illustrate, we test a Treatment X Pretest interaction for
the effects of therapy for depression using the Fragile Families and Child
Wellbeing longitudinal dataset. After centering posttest and pretest out-
come data on pretest group means, DID and ANCOVA estimates are
both equivalent to the original DID treatment estimate. ANCOVA of
these dual-centered data can then test a Treatment X Pretest interac-
tion.

Keywords: Difference-in-differences · Treatment X Pretest interaction ·
Longitudinal analyses · Causal validity · ANCOVA

1 Introduction

Longitudinal analyses that control for pre-existing differences with ANCOVA-
type controls are biased against corrective actions (Larzelere, Lin, Payton, &
Washburn, 2018) unless the covariates predict treatment condition perfectly (as
in regression discontinuity designs). By definition, corrective actions are selected
to reduce the poor prognosis of a presenting problem. Subsequent outcomes
therefore constitute an unknown combination of the original poor prognosis of
the problem and the extent to which the corrective action modified that progno-
sis. Controlling statistically for pre-existing differences via regression or match-
ing reduces that selection bias, but rarely eliminates it. For example, a recent
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meta-analysis of efforts to improve low-performing schools found that analyses
that used matching or regression methods predicted significantly worse effects
than randomized studies on high-stakes math exams and marginally worse on
language arts exams (Schueler, Asher, Larned, Mehrotra, & Pollard, 2021). That
may be why 47% of the studies qualifying for that meta-analysis used difference-
in-differences instead of regression-type controls to adjust for pre-existing differ-
ences.

There are two basic ways to analyze change in two-occasion longitudinal
analyses: ANCOVA predicting residualized change scores, Y1|Y0 (Y1 controlling
for baseline Y0), and difference-in-differences predicting simple difference scores,
Y1−Y0. ANCOVA has more statistical power (van Breukelen, 2013) but produces
biased treatment estimates in non-randomized studies from invariant between-
person differences (Berry & Willoughby, 2016; Hamaker, Kuiper, & Grasman,
2015) and measurement error (Huitema, 2011). Difference-in-differences over-
comes these two biases, but is biased by any variations from its parallel-trends
assumption. Some have recommended running both types of change-score anal-
yses, either to bracket the true causal effect given some assumptions (Angrist &
Pischke, 2009; Ding & Li, 2019) or to test robustness across alternative analy-
ses (Duncan, Engel, Claessens, & Dowsett, 2014). A limitation of difference-in-
differences has been its inability to test Treatment X Pretest interactions. For
example, the meta-analysis of efforts to improve low-performing schools tested
many moderators, but not whether the success of these efforts varied by the
schools’ previous performance on the outcomes (e.g., high-stakes testing). This
article introduces a method to test whether treatment effects vary by pretest lev-
els using difference-in-differences without inadvertently changing the treatment
estimate to ANCOVA’s estimate.

This article focuses on two-occasion data for two reasons. Many longitudinal
studies have only two occasions (Usami, Todo, & Murayama, 2019), and these
two change-score analyses are basic building blocks for more complex longitudi-
nal analyses (Lin & Larzelere, 2024).

Treatment estimates become identical for the two change-score analyses af-
ter pretest means are equalized across treatment groups, but these robust es-
timates are not necessarily less biased. Different methods of equating pretest
group means yield different treatment estimates (Lin & Larzelere, 2020). Pretest
matching produces robust results that are equivalent to the original ANCOVA
(Reichardt, 2019), which is unbiased only if the assumptions of the original AN-
COVA are met (e.g., no measurement error in the covariates, equality of true
pretest group means with each other: van Breukelen, 2013). Centering both
posttest and pretest scores on pretest group means preserves everyone’s differ-
ence score, rendering the treatment estimates robust and equivalent to the orig-
inal difference-in-differences, which is unbiased under the assumption of parallel
slopes under the null hypothesis. The two pairs of robust results therefore differ
from each other as much as the original discrepancy between the two change-
score analyses. But the dual-centered data can be analyzed with ANCOVA to
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test a Treatment X Pretest interaction in a model duplicating the treatment
effect from difference-in-differences (Lin & Larzelere, 2020).

1.1 Basics

Assume Xij = 1 for treatment (j = 2), and Xij = 0 for control (j = 1).
Occasions are t = 0 (pretest) and t = 1 (posttest), with outcome variable Yijt

for individual i within group j at occasion t. The equation for ANCOVA is:

Yij1 = b0 + b1Xij + b2Yij0 + eij . (1)

The equation for difference-in-differences is:

Yij1 − Yij0 = γ0 + γ1Xij + εij . (2)

By adding Yij0 to both sides of Equation (2), it can be shown that its treatment
effect γ1 is identical to the treatment effect b1 in Equation (1) when b2=1 in
Equation (1). This is possible only when all eij = 0 or the variance of Yij

is increasing over time. For the purposes of this article, we assume that some
eij > 0 and that the variance of Yij is stable over time. Then the two treatment
effect sizes equal each other (b1 = γ1) only if the pretest group means are equal
to each other.

Dual-centered ANCOVA centers pretest and posttest scores on the pretest
group means:

Yij1 − µ̂j0 = ω0 + ω1Xij + ω2(Yij0 − µ̂j0) + νij , (3)

where the group-mean-centered pretest scores are the residuals τij in the follow-
ing equation:

Yij0 = µ̂j0 + τij . (4)

Lin and Larzelere (2020) showed that, under the assumption of no pretest
group mean differences, the treatment estimate in Equation (3) is identical to
the treatment effect in difference-in-differences Equation (2), i.e., ω1 = γ1. The
(Yij0 − µ̂j0) term is a generated regressor, however, which biases the standard
error for the treatment effect ω1 downward (Brorsen, Lin, & Larzelere, 2025;
Pagan, 1984). The correct standard error can be obtained from Equation (2) or
by analyzing Equations (3) and (4) together via two-stage least squares (Brorsen
et al., 2025). Next we consider adding Treatment X Pretest interactions to the
above analyses.

1.2 Treatment X Pretest Interactions

Standard ANCOVA. When there is a significant Treatment X Pretest inter-
action, treatment effects vary in magnitude and significance at different pretest
scores (Huitema, 2011). Because significant interactions apply to both compo-
nent predictors, the auto-regressive slope b2 will then also vary significantly
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across groups. A significant Treatment X Pretest interaction violates the AN-
COVA assumption of homogeneity of the regression slope across groups. We
follow Huitema (2011) and Lin (2020) in interpreting a significant Treatment X
Pretest interaction.

Consider standard ANCOVA with a significant Treatment X Pretest inter-
action:

Yij1 = b0 + b1Xij + b2Yij0 + b3XijYij0 + eij . (5)

Equation (5) can be re-arranged to indicate how the effect of Treatment Xij

varies by the pretest score (Lin, 2020):

Yij1 = (b0 + b2Yij0) + (b1 + b3Yij0)Xij + eij . (6)

Reciprocally, the effect of the pretest Yij0 on the posttest Yij1 also varies by
treatment condition (heterogeneity of regression slopes):

Yij1 = (b0 + b1Xij) + (b2 + b3Xij)Yij0 + eij . (7)

One way to interpret significant Treatment X Pretest interactions is the
Johnson and Neyman (1936) technique, which calculates regions of significant
treatment effects at all pretest values. Alternatively, the picked-points analy-
sis (Huitema, 2011; Lin, 2020) shows the estimated treatment effects at picked
pretest values.

Equation (6) indicates that the estimated conditional effect of treatment Xij

on the posttest at any pretest score is:

b̂∗Tx = b1 + b3Yij0. (8)

Reciprocally the conditional effect of the pretest on the posttest for either
treatment condition according to Equation (7) is:

b̂∗lag1 = b2 + b3Xij . (9)

Difference-in-Differences. To our knowledge, there is no generally accepted
method of testing a Treatment X Pretest interaction within difference-in-differences
without changing the main effect of treatment to ANCOVA’s estimate. The rea-
son is that tests of Treatment X Pretest interactions require both main effects
to be included in the regression equation:

Yij1 − Yij0 = γ0 + γ1Xij + γ2Yij0 + γ3XijYij0 + εij . (10)

But adding the pretest to both sides of Equation (10) yields the following:

Yij1 = γ0 + γ1Xij + (1 + γ2)Yij0 + γ3XijYij0 + εij . (11)

Equation (11) is the same as Equation (5) for standard ANCOVA with a
Treatment X Pretest interaction, with b2 = 1 + γ2. Therefore the treatment
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effect γ1 in Equations (10) and (11) is equivalent to ANCOVA’s treatment effect
b1 in Equation (5). Omitting the auto-regressive term γ2Yij0 from Equation (10)
is equivalent to fixing γ2 to 0, which is usually nonsensical, since the pretest
Yij0 is one of the two components of the difference score being predicted. Fixing
the slope coefficient γ2 to 0 in Equation (10) is also equivalent to fixing the
coefficient (1+γ2) to 1 in Equation (11), which makes the equations for ANCOVA
and difference-in-difference identical. This is possible, however, only when the
variance of the outcome scores is increasing over time or unless pretest scores
predict posttest scores perfectly.

To add a Treatment X Pretest interaction to dual-centered ANCOVA in
Equation (3), we apply the same steps as in Equations (5) through (9) for stan-
dard ANCOVA. In both cases, a significant interaction changes the unconditional
marginal effects in Equations (1) and (2) to conditional effects that vary with
pretest scores.

Adding a Treatment X Pretest interaction to Equation (3) for dual-centered
ANCOVA yields:

Yij1 − µ̂j0 = ω0 + ω1Xij + ω2(Yij0 − µ̂j0) + ω3Xij(Yij0 − µ̂j0) + νij . (12)

Because dual-centered ANCOVA predicts the same treatment effect as difference-
in-differences, the Treatment X Centered Pretest interaction can be interpreted
in the same way as a Treatment X Pretest interaction in standard ANCOVA.
Analyzing Equation (12) by itself yields the correct standard error for ω3, accord-
ing to our simulation (Lin, 2023). Equation (12) can be re-arranged to indicate
how the treatment effect varies by the group-mean-centered pretest score (Lin,
2020).

Yij1 − µ̂j0 = (ω0 + ω2[Yij0 − µ̂j0]) + (ω1 + ω3[Yij0 − µ̂j0])Xij + νij . (13)

Reciprocally, the effect of the group-mean-centered pretest score also varies
by treatment condition:

Yij1 − µ̂j0 = (ω0 + ω1Xij) + (ω2 + ω3Xij)(Yij0 − µ̂j0) + νij . (14)

Equation (13) indicates that the effect of treatment on the pretest-group-
mean-centered posttest at any group-mean-centered pretest score is:

ω̂∗
Tx = ω1 + ω3(Yij0 − µ̂j0). (15)

Reciprocally the effect of the group-mean-centered pretest on the centered
posttest at either level of treatment according to Equation (14) is

ω̂∗
lag1 = ω2 + ω3Xij . (16)
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1.3 Illustrative Example

The following example estimates the effect of psychotherapy to treat depression
in mothers from the Fragile Family & Child Wellbeing (FFCW) dataset. We
selected this corrective action because its effectiveness has been documented in
meta-analyses of hundreds of randomized trials (Cuijpers et al., 2023). Although
these effect sizes shrink over time (Miguel et al., 2021) and in typical field im-
plementations (Ormel, Hollon, Kessler, Cuijpers, & Monroe, 2022), there is no
reason to think that such therapies are harmful on average.

We expect therapy to look more effective with difference-in-differences than
with ANCOVA, as is typical for longitudinal analyses of corrective actions (Larzelere
et al., 2018). We then illustrate how to use dual-centered ANCOVA to test the
Treatment X Pretest interaction corresponding to the treatment estimate from
the difference-in-differences model.

2 Methods

2.1 Participants.

The FFCW dataset started with baseline data on at-risk couples whose children
were born from 1998 to 2000 in 20 large cities of the United States (Reichman,
Teitler, Garfinkel, & McLanahan, 2001). It includes a wide range of data on
household characteristics, physical and mental health, and parenting, first when
the children were born (Time 1), and later when the children were approximately
1, 3, 5, and 9 years old (Times 2 to 5). The current example investigated the ap-
parent effects of psychotherapy for maternal depression when their children were
five years old, using data on maternal depression symptoms when their children
were 5 and 9 years old (Time 4 and Time 5). At baseline (when the focal child
was born), the 4566 mothers were 25.2 years old and had some college on average,
and consisted of 21.0% White, 47.6% Black, 27.4% Hispanic, and 4.0% others.
The sample size for this study consisted of the 3285 mothers with complete data
on therapy for depression at Time 4 and on depression symptoms at Times 4
and 5. The data are available on the Open Science Framework Home website
(https://osf.io/532xt/?view only=5857097b48034e7786a8933b4af22e3a).

2.2 Measures

Depression treatment was based on maternal responses to questions about whether
they had received any counseling or therapy in the past twelve months. “Yes”
answers led to the question “Was this counseling or therapy for depression?”
Mothers who reported receiving therapy for depression were contrasted with
mothers who responded “No” to either of these questions.

Depression symptoms were assessed by maternal self-reports of relevant symp-
toms from the Composite International Diagnostic Interview--Short Form (CIDI-
SF), Section A (Kessler, Andrews, Mroczek, Ustun, & Wittchen, 1998), a stan-
dardized survey instrument for assessing mental disorders. It uses two stem ques-

https://osf.io/532xt/?view_only=5857097b48034e7786a8933b4af22e3a
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tions and four follow-up questions to identify possible eligibility for a Major De-
pressive Episode. Eligibility then led to eight symptom questions to determine
depression severity. Sub-eligibility symptoms resulted in possible scores from 1
to 4. Four points were added to the number of the eight symptoms associated
with a possible Major Depressive Episode. This produced a 13-point scale (0 to
12) for depression severity, with the majority of the scores being 0 (73.8% at
Time 4; 73.9% at Time 5).

3 Results

Table 1 provides the means, standard deviations, and other descriptive statistics
for therapy at Time 4 of the FFCW dataset and for depression symptoms at
Times 4 and 5.

Table 1: Descriptive Statistics
Treatment T4 N Mean SD Minimum Maximum

Depress T4 0 3078 1.54 3.36 0 12
1 207 7.33 4.48 0 12

Total 3285 1.9 3.72 0 12
Depress T5 0 3078 1.61 3.45 0 12

1 207 5.1 4.94 0 12
Total 3285 1.83 3.66 0 12

Note. T4 = Time 4 of the FFCW dataset. T5 = Time 5. Depress = Depression
symptoms.

Prior to adding an interaction term, standard ANCOVA and difference-in-
differences produced contradictory estimates of treatment effects, as is typical
of longitudinal analyses of corrective actions (Larzelere et al., 2018). According
to ANCOVA, therapy for depression led to more depression symptoms at Time
5 than predicted by initial symptoms at Time 4, b1= 1.74, t (3284) = 6.59, p <
.001. In contrast, difference-in-differences indicated that depression symptoms
decreased more following therapy than otherwise, γ1= -2.31, t (3284) = -7.70,
p < .001. Because psychotherapy for depression has been shown to be effective
in many randomized trials (Cuijpers et al., 2023), difference-in-differences may
be less biased against corrective actions than ANCOVA. Most researchers, how-
ever, would also want to know whether these treatment effects vary by the level
of presenting depression symptoms. We will illustrate the use of dual-centered
ANCOVA to test a Treatment X Pretest interaction in difference-in-differences
after summarizing a Treatment X Pretest interaction in standard ANCOVA for
comparative purposes.
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3.1 Standard ANCOVA

Analyzing the data with standard ANCOVA led to the following result from
Equation (5):

Yij1 = 1.13 + 2.54Xij + .314Yij0 − .119XijYij0 + eij . (17)

indicating that therapy predicted worsening depression symptoms than controls,
b1= 2.54, p < .001, a harmful-looking effect that was reduced for those with
worse initial symptoms, b3= -.119, p < .05. Plugging coefficients into Equation
(8) gives the magnitude of the estimated treatment effect for each pretest score:

b̂∗Tx = 2.54 + (−.119)Yij0. (18)

This signifies that the harmful-looking effect of therapy varied from 2.54 for
those with pretest depression scores of 0 to a reduced harmful-looking treatment
effect of only 1.11 for those with maximum pretest scores of 12. These effect
sizes varied around the average treatment effect of 1.74 from standard ANCOVA
before adding the interaction term.

Figure 1 uses picked-points analysis to show the conditional treatment effects
predicted at the mean pretest scores for the treatment and control groups and
at the maximum depression score (Lin, 2020). Figure 4 in Appendix A shows
the 95% confidence intervals of these coefficients and the significance of these
treatment effects at each pretest score. Next we illustrate similarities and differ-
ences in testing the same Treatment X Pretest interaction within difference-in-
differences.

3.2 Difference-in-Differences via Dual-Centered ANCOVA

Using Equation (12), the results from dual-centered ANCOVA from the same
data after centering all depression scores around their pretest group means,
Yijt − µ̂j0, are

Yij1−µ̂j0 = .10+(−2.30)Xij+.314(Yij0−µ̂j0)+(−.119)Xij(Yij0−µ̂j0)+νij , (19)

indicating that, for those with initial depression symptoms at their group mean
(Yij0 − µ̂j0 = 0), depression symptoms decreased more for women in therapy
than controls, ω1= -2.30, p < .001, a beneficial-looking effect that was enhanced
further for those with worse initial symptoms, ω3= -.119, p < .05.

Using Equation (15), the estimated effect of therapy on the pretest-group-
mean-centered posttest for any group-mean-centered pretest score was

ω̂∗
Tx = −2.30 + (−.119)(Yij0 − µ̂j0). (20)

This signifies that therapy led to steeper decreases in depression symptoms than
in controls, with that beneficial-looking effect varying from -2.12 for the mini-
mum possible centered pretest score for the comparison group (0 – 1.5 = -1.5,
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Figure 1: Predicted changes from Time 4 to Time 5 at different pretest scores
according to standard ANCOVA (Low = mean pretest for controls, High =
mean pretest for treatment, Max = maximum depression score) to illustrate the
Treatment X Pretest interaction.

subtracting their mean pretest score) to a stronger beneficial-looking treatment
effect of -2.86 for the maximum possible centered pretest score for the treatment
group (12 – 7.3 = 4.7, subtracting their mean pretest score). These effect sizes
varied around the average treatment effect of -2.31 from difference-in-differences
before adding the interaction term.

This result and its confidence intervals are displayed in Figure 5 of Appendix
A (Lin, 2020). Figure 2 uses picked-points analysis to illustrate how estimated
treatment effects varied across the range of centered pretest scores that are pos-
sible in both treatment and comparison groups. Figure 3 illustrates the same
treatment effects at the same picked pretest points after decentering all depres-
sion scores. This illustrates a potential problem with difference-in-differences
in that its parallel-slopes assumption is less tenable at minimum and maximum
scores. When centered pretest scores were at the minimum for the control group,
they could not decrease further for that group, but could decrease further in the
treatment group (a floor effect for the control group). In this case, however,
this floor-effect bias is in the opposite direction of the Treatment X Pretest in-
teraction and therefore does not invalidate it. (Therapy at a centered pretest
of -1.5 [originally 5.8] decreased to a posttest mean of -2.49 [4.81 on original
scale]. Controls at a centered pretest of -1.5 [originally 0.0] could not decrease,
artificially increasing the extent to which therapy looked relatively effective at
low depression levels. If controls could have decreased their centered depression
pretest scores, the differential effectiveness would have been even smaller at low
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depression levels, increasing the Treatment X Pretest interaction even more.)
The ceiling effect bias was in the same direction as the Treatment X Pretest
interaction, but was relatively minor as only 15 women in the therapy group
had maximum posttest depression scores of 12 (7.2% of the therapy group, vs.
76.2% of controls with minimum posttest scores of 0).
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Figure 2: Predicted simple change scores from Time 4 to Time 5 for treatment
vs. comparison groups at three levels of group-mean centered pretest scores,
based on dual-centered ANCOVA (Low = minimum possible centered score for
controls; High = one SD above the group mean pretest scores; Max = maximum
possible centered pretest score for treatment).



Testing Treatment X Pretest Interactions in DID 11

0

2

4

6

8

10

12

14

Time 4 Time 5

D
e

p
re

ss
io

n
 S

ev
e

ri
ty

Cntl Low Depr

Cntl_High_Depr

Cntl_Max_Depr

Tx_Low_Depr

Tx_High_Depr

Tx_Max_Depr

Figure 3: Predicted simple change scores from Time 4 to Time 5 for treatment
vs. comparison groups at three levels of group-mean centered pretest scores ac-
cording to dual-centered ANCOVA after decentering all scores (Low, High, &
Max defined as in Figure 2).

4 Discussion

ANCOVA-type controls have been shown to be biased in longitudinal analyses
(Berry & Willoughby, 2016; Hamaker et al., 2015; Hoffman, 2015), usually bi-
ased against corrective actions such as medical treatments and psychotherapy
(Larzelere et al., 2018). This study demonstrates a novel way to overcome one
disadvantage of the main alternative, difference-in-differences, which otherwise
cannot test Treatment X Pretest interactions without changing the treatment
effect to the estimate from ANCOVA. This innovation takes advantage of the
fact that centering all longitudinal data around pretest group means makes the
treatment effects of ANCOVA equal to estimates from difference-in-differences
(Lin & Larzelere, 2020). This is called dual-centered ANCOVA in two-occasion
analyses, which is used herein to test a Treatment X Pretest interaction corre-
sponding to a difference-in-differences model.

We do not know of a better way to test Treatment X Pretest interactions in
difference-in-differences. Without Treatment X 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 ev-
idence. When regression slopes are heterogeneous across treatment conditions,
the effect of treatment also varies with the pretest score. For this situation,
(Huitema, 2011, Chapter 11) showed how to calculate the conditional treatment
effect at each level of pretest scores in standard ANCOVA. The lack of a parallel
way to test Treatment X Pretest interactions in difference-in-differences appears
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to be a limitation in such analyses, one that can be overcome after centering all
data on the pretest group means.

Unless ANCOVA clearly produces a less-biased treatment estimate in longi-
tudinal analyses, difference-in-differences should be used to test the robustness
of the estimated treatment effect (Duncan et al., 2014), if not a less-biased esti-
mate. The least-biased estimate is generally the one whose assumptions are best
satisfied. From our experience, it is helpful to compare the plausibility of the
no-treatment effect implied by their respective null hypotheses. A no-treatment
effect in difference-in-differences assumes that the groups’ average trends from
pretest to posttest will be parallel to each other, with no shrinkage of the differ-
ence between group means. In contrast, the null hypothesis in ANCOVA assumes
that any group difference on the pretest will spontaneously shrink from pretest to
posttest according to regression toward the grand mean. This shrinkage is plau-
sible in randomized trials when initial differences on the pretest group means
are due only to random fluctuations (i.e., no true difference between the pretest
group means). ANCOVA is also unbiased if the covariates fully determine treat-
ment group assignment (van Breukelen, 2013). In many other applications, how-
ever, pretest group means reflect true differences as well as random fluctuations,
and the covariates do not fully explain treatment assignment. The remaining
bias is recognized as residual confounding by epidemiologists (Rothman, Green-
land, & Lash, 2008), which often makes corrective actions such as therapy for
depression look more harmful than they are (Larzelere et al., 2018). In contrast,
difference-in-differences’ treatment estimates are not biased by true differences
that do not change from pretest to posttest nor by measurement error in the
pretest, but it has its own biases in non-randomized studies (e.g., any variations
from the parallel-slopes assumption not due to the treatment effect). Unless the
original ANCOVA is less biased, difference-in-differences provides either a less
biased treatment estimate or a test of that estimate’s robustness (Duncan et al.,
2014). Dual-centered ANCOVA can then be used to test a Treatment X Pretest
interaction within difference-in-differences.
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Appendix A Supporting Information

Whereas Figures 1, 2, and 3 in the main article use picked-points analysis to illus-
trate the significant Treatment X Pretest interaction at selected pretest scores,
the following Supporting Figures illustrate the magnitude and significance of the
estimated treatment effect for each possible pretest score. These plots are based
on the Johnson-Newman technique, including 95% confidence intervals for the
estimated treatment effect at each pretest score (Lin, 2020). The two figures il-
lustrate the contradictory results from the two basic change-score analyses that
are typical of longitudinal analyses of corrective actions (Larzelere et al., 2018).
According to ANCOVA, therapy for maternal depression at Time 4 in the Fragile
Families dataset appears to result in increased depression symptoms four years
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later at Time 5, controlling for depression symptoms at Time 4 (Supporting Fig-
ure 4). In contrast, dual-centered ANCOVA duplicates difference-in-differences
by indicating that therapy for maternal depression reduces depression scores
more than for the comparison group (Supporting Figure 5). In both cases, ther-
apy appears to be significantly more effective at high levels of initial depression
than at low levels of initial depression (reducing the harmful-looking effect in
standard ANCOVA, but increasing the beneficial-looking effect in dual-centered
ANCOVA).

 

 
 
 
Figure S-1. Predicted posttest depression scores for each pretest depression score for 

Treatment (dash, upper line) or Control (solid, lower line) according to standard ANCOVA 
 

  

 

Time-4 Depression  

Control 
Therapy 

Figure 4: Predicted posttest depression scores for each pretest depression score
for Therapy (dashed upper line) or Control (solid lower line) according to stan-
dard ANCOVA.
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Figure S-2. Predicted posttest depression score (centered on pretest group means) for 

each pretest depression score (centered on pretest group means) according to dual-centered 
ANCOVA Treatment (dash, lower line) and Control (solid, upper line) 
 

 

Time-4 Depression (centered on pretest group means) 
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Figure 5: Predicted posttest depression score at Time-5 (centered on pretest
group means at Time-4) for each pretest depression score (centered on pretest
group means) according to dual-centered ANCOVA for Therapy (dashed lower
line) and Control (solid upper line).
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