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Abstract

An intervention may benefit one person but have little effect on another, making person-specific
treatment effects important in psychological and behavioral research. These effects are difficult
to estimate in between-subject randomized experiments, where each person receives only one
assigned condition, and the primary comparison yields an effect averaged across people. Within-
subject randomization designs provide an alternative that repeatedly assign conditions to the
same person, creating randomized within-person comparisons. Building on recent work on time-
series experiments, we develop a regression-based causal framework for these designs. We
define average immediate and lag-1 effects using potential outcomes and estimate them with an
ordinary least square working regression whose treatment indicators are centered and scaled
using known assignment probabilities. We extend the approach to multiple-arm interventions and
restricted randomization. Two Monte Carlo studies found small bias for the proposed estimators
across most conditions. In the multiple-arm study, inference improved with longer series. Under
restricted randomization, probability adjustment reduced lag-1 bias, but short series yielded
undercoverage and inflated Type I error with HAC standard errors; HC3 was more conservative
and less powerful. Empirical demonstrations using a micro-randomized trial in health behavior
and a restricted alternating treatment design in special education illustrate implementation and
interpretation. The framework connects familiar regression tools with design-based causal

inference for within-subject randomized studies.
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Introduction

Making causal inferences in psychological and behavioral research is difficult because
psychological phenomena and behavior are shaped by complex, interacting influences that may
vary across individuals, contexts, and time (Bailey et al., 2024; Rohrer, 2018). Although
randomized controlled trials (RCTs) are commonly treated as the tool to find causal evidence,
they face challenges for answering psychological and behavioral questions. First, in practice,
RCTs require recruiting large samples of participants to be assigned to separate treatment groups.
However, recruitment feasibility is a persistent challenge, and prior reviews have found that
many trials fail to reach their planned sample size or require extensions to do so (McDonald et
al., 2006; Sully et al., 2013; Walters et al., 2017). Second, each participant in a between-subject
RCT receives only one assigned condition, so the primary comparison estimates an effect
averaged across participants rather than a treatment effect for a particular person. When the
treatment effects vary, an intervention that is effective on average may have weaker, stronger, or
even different direction for different individuals (Bryan et al., 2021; Bailey et al., 2024). This
issue is greatly important as individualized and personalized approaches have received
increasing attention in psychology and behavioral science, where researchers often seek to
understand which treatment works for whom over what time progression (Molenaar, 2004;
Barlow & Nock, 2009; Lillie et al., 2011; Davidson et al., 2014; Shaffer et al., 2018; Hekler et
al., 2019). These considerations call for experimental designs that can evaluate treatment effects
within an experimental unit while retaining the advantages of random assignment. Within-
subject randomization designs provide one such approach.

Within-subject randomization designs refer to a class of experimental designs in which

the same experimental unit is observed repeatedly, and treatment conditions are randomly



assigned to that unit over time. The unit of analysis may be a person, family, community, or any
other entity that can serve as its own control (Epstein & Dallery, 2022; Heyvaert & Onghena,
2014). This design logic differs from that of a between-subject randomized experiment (e.g., a
parallel-group RCT), in which different participants or units are randomly assigned to separate
treatment groups to achieve comparability. In within-subject randomized designs, by contrast,
the same experimental unit receives different treatment conditions at different times, with the
timing of those conditions determined by random assignment, as illustrated in Figure 1. This
class of designs is therefore especially relevant for psychological and behavioral research that
seeks to evaluate individualized treatment effects while preserving advantages of random
assignment (Kratochwill & Levin, 2010; Shadish et al., 2002).

Figure 1

Comparison of between-subject randomization (RCT) and within-subject randomization designs
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It is important to note that the definition adopted in the present study is intentionally
narrower than the broader category of traditional within-subjects designs (i.e., designs in which
the same experimental unit are measured repeatedly across conditions or times (Kim, 2010)).
Repeated measurement alone is not sufficient to isolate the effect of treatment (Shadish et al.,
2002). The key feature of within-subject randomization designs is the random assignment of
treatment conditions within the same unit across time. This randomization links the observed

outcome sequence to a known assignment mechanism and provides the basis for internal validity



regarding treatment effectiveness (Edgington, 1980; Kratochwill & Levin, 2010). Thus, in the
present study, the term within-subject randomization design refers not simply to repeated
observation, but to repeated observation combined with randomized treatment assignment over
time.

Relevant designs in psychological and behavioral sciences within the family of within-
subject randomization designs are micro randomization trials (MRTs), N-of-1 trials with
randomization, and randomized alternating treatment designs (ATDs) in single-case
experimental design (SCED) (Klasnja et al., 2015; Lillie et al., 2011; Barlow & Hayes, 1979).
These designs are not identical, but all involve repeated comparisons of randomly assigned
treatment conditions within the same experimental unit. MRTs were developed primarily to
inform the construction of just-in-time adaptive interventions (JITAI), which are digital
interventions in which treatment components may be delivered repeatedly in daily life (Klasnja
et al., 2015; Qian et al., 2022). In an MRT, each participant is repeatedly randomized to
intervention options at times across the study period, so that investigators can evaluate whether
an intervention affects the outcome for the individual and whether this effect varies across time
or context. In the N-of-1 tradition, the goal is to determine the optimal intervention for that
individual (Lillie et al., 2011). Randomized N-of-1 trials typically achieve the goal with internal
validity through repeated crossover periods in which the order or sequence of treatment
conditions is randomly assigned (Daza, 2018). In SCEDs, ATDs use a similar structure to
address this: two or more conditions are rapidly alternated across closely spaced sessions or
occasions to compare their relative effectiveness (Barlow & Hayes, 1979; Holcombe et al., 1994;
Kazdin, 2021). Random assignment of treatment conditions over time is often used in ATDs to

strengthen internal validity (Edgington, 1980, 1996; Kratochwill & Levin, 2010; Heyvaert &



Onghena, 2014). Thus, although MRTs, N-of-1 trials, and ATDs emerged from different
methodological traditions and often serve different inferential goals, their randomized versions
share a common design feature: treatment conditions vary within the same unit over time
according to a known assignment mechanism.

Despite the promise of within-subject randomization designs, current analytic approaches
focus on summarizing observed differences between treatment conditions. Researchers often rely
on visual analysis or simple statistical analysis, such as mean differences, nonoverlap indices, ¢
tests, or simple regression-based summaries (Manolov & Onghena, 2018; Shaffer et al., 2018;
De Carvalho et al., 2026). These approaches can be useful for description and exploratory
analysis in applied settings. However, they may not clearly separate differences attributable to
the current treatment exposure from differences associated with time trends, serial dependence,
or prior treatment exposure (Barlow & Hayes, 1979; Shamseer et al., 2015; Kazdin, 2021; De
Carvalho et al., 2026; Luo & Li, 2026).

To more rigorously investigate causal effects in within-subject randomized designs,
recent methodological work uses the counterfactual framework (Rubin, 1974; Holland, 1986) to
formally define causal estimands (i.e., the causal effects of interest) and proposed estimators
using the technique of inverse probability weighting (IPW) (Daza, 2018; Bojinov & Shephard,
2019). Luo and Li (2026) investigated the performance of [IPW-based estimators for the average
immediate treatment effect and the average lag-1 effect in ATDs. The findings indicate that
IPW-based estimators outperformed the traditional methods such as mean difference, percent of
nonoverlap data (PND-W), and piecewise regression, when lagged effects are present,
randomization is restricted, and series length is moderate. Their work is especially relevant to

psychological and behavioral research because it evaluates these estimators under short to



moderate series lengths (i.e., 12 to 24 time points) and designs with restricted randomizations.
Restricted randomization are often used in ATDs when the number of measurement occasions is
limited, to avoid long runs of the same condition, increase practical feasibility, or reduce
concerns about poorly balanced treatment sequences (What Works Clearinghouse [WWC],

2022).

More recently, Lin and Ding (2025) offer a regression-based estimator for average
immediate and lagged effects in the within-subject randomized design. Instead of applying
inverse probability weights to observations, their method transforms the treatment indicators,
allowing treatment effects to be estimated using ordinary least squares (OLS) regression while
retaining a design-based causal interpretation. Relative to the IPW estimator, this approach is
more appealing to applied researchers because it keeps the causal inference in a familiar
regression framework, avoiding the need to construct weights and compute contrast-coded and
weighted outcomes. The regression-based estimator may also be more efficient than the design-
based IPW estimator, because it estimates the average immediate and lagged effects jointly
through multiple predictors in a single regression model, which can reduce the residual variance,
and hence the variance of the regression coefficients. Despite these advantages, the original
regression-based estimator is developed for a relatively narrow setting with only two treatment
conditions and randomization without restrictions. As a result, the method cannot be directly
applied to designs with more than two treatment conditions and/or restricted randomization
schemes. Broadening the framework to cover these cases is necessary for making regression-
based causal inference both methodologically rigorous and practically useful in within-subject

randomization studies.



Present Study

The present study addresses the methodological gap by extending the regression-based
framework and evaluating its performance through simulation and empirical demonstration. The
study has four aims. First, following Lin and Ding (2025), we define average immediate and lag-
1 causal effects for within-subject randomized designs using potential outcome framework and
show how OLS recover the causal effects under a known treatment assignment scheme. Second,
we extend the regression-based formulation to design features common in psychological and
behavioral applications: (1) intervention with more than two conditions and (2) randomization
with restrictions. Third, we evaluate the performance of the estimators through simulation
studies. Finally, we demonstrate their implementation using empirical examples, showing how

the resulting coefficients can be interpreted as causal effect estimates in real world applications.

The remainder of the paper is organized as follows. We first introduce the regression-
based causal inference framework for within-subject randomization designs. We then extend the
framework to (1) more than two treatment conditions and (2) restricted randomization. Next, we
conduct simulation studies to evaluate the performance of the proposed estimator under different
conditions. We then provide two empirical demonstrations using data from an MRT in health
behavior and a randomized ATD in special education. Finally, we discuss the findings,
methodological implications, limitations, and directions for future research.

Regression-based Causal Estimation under With-subject Randomization
The Causal Estimands

Consider a single experimental unit observed over T occasions. Let W, denote the

treatment condition indicator at occasion t, and let W,., = (W4, ..., W;) denote the treatment

series up to occasion t. Let Y; (W;.;) denote the potential outcome at occasion t under treatment



series W;.;. This notation indicates that in a within-subject randomization design, the outcome at
a given occasion may depend not only on the treatment assigned at that occasion W; but also on

prior treatment exposure W.;_1.

For a two-condition within-subject randomization design, let W, = 1 denote the
treatment condition and W; = 0 denote the comparison condition. The time-specific immediate

effect at occasion t is given by

5 = E[Y;(Wye-1,1) = Ye(Wie_1,0)] M

where the expectation is taken over the prior treatment history generated by the randomization
design. This estimand is focused on the question:at occasion t, what would be the effect of
assigning treatment rather than comparison, averaging over the possible histories that could have

occurred before t.

The time-specific effect in Equation (1) defines the causal contrast at a particular
occasion. However, researchers are usually interested in the treatment effect across a period of
repeated exposure rather than at single isolated occasion which may be sensitive to session-
specific events. Therefore, we average these time-specific contrasts over a prespecified analysis
window. This window defines the series over which the treatment effect is intended to be

summarized. The average immediate effect over the analysis window 7y = {k, ..., [} is

_ 1
A© = —Z 5.
| T | ‘ )

teT,

The time-specific lag-1 effect at occasion t compares treatment with comparison at

occasion t — 1, holding the treatment at occasion t the same within each comparison. These



comparisons are then averaged over earlier treatment histories and the possible treatment
assignments at occasion t, according to the randomization design. The lag-1 effect is defined for

t=2.

551) =E [Z P(Wy=w | W)
Wee{0,1}

X {Yt(Wl:t—Z' 1' W) - Yt(Wl:t—Zl 0, W)}]

3)

In Equation (3), P(W, = w|W,.;_,) is the design probability of treatment assignment at occasion
t used to average over the possible current treatment assignments. For each value of w, the two
potential outcomes differ only in the treatment assigned at occasion t — 1 and both have the
same current treatment w. The contrast are then averaged over w and over treatment histories
through occasion t — 2. Thus, the lag-1 effect captures the effect of the treatment at the previous
occasion on the current outcome. As with the time-specific immediate effect, we summarize the
lag-1 effects over a prespecified analysis window. The average lag-1 effect over the analysis
window 7} = {t:k <t <[, t > 2} is given similarly with average immediate effect as shown

below

i 1
AW = —Z sV,
| 73 | ‘ 4

temn

Building on the same idea, a lag-k effect compares the outcome at occasion t under two
treatment histories that differ only in the treatment assigned at occasion t — k. All other
treatment assignments are held the same within each comparison. These contrasts can then be
averaged over earlier histories and over a common distribution of the assignments between

occasions t — k + 1 to t. In the present study, we focus on the immediate and lag-1 effects as



they correspond to the most common causal questions in within-subject randomization designs

(Luo & Li, 2026).

Regression-based Estimator

After defining the causal estimands, the next step is to estimate them from the observed
outcome sequence. The main idea is to use the known randomization scheme to construct
treatment predictors that represent random deviations from the expected treatment assignment
probability. Let p, = P(W; = 1 | W;.;_1) denote the known conditional probability of receiving
treatment at occasion t, given the prior treatment history. Under an unrestricted randomization
for within-subject studies, treatment assignment at each time point is independent of history, so
pe = P(W, = 1). The variance of W; is v; = p;(1 — p;). When 0 < p; < 1, the transformed

treatment indicator at occasion ¢ is

~ Wi — pe

We == (5)

Similar, let p,_; = P(W,_; = 1 | Wj.;_,) be conditional probability of receiving treatment at
occasion t — 1, given the prior treatment history. The variance of W;_ is v;_; = pr_1 (1 —

Pe—1). When 0 < p;_; < 1, the transformed treatment indicator at occasion t — 1 is

~ W1 — Dt-1
Wi = —v ) (6)
t_

For both W, and W,_,, the numerator centers the observed assignment around its design
expectation, and the denominator scales these deviations by the corresponding assignment
variance, v; or v,_;. Then W, and W,_, are used as predictors in the working OLS regression to

estimate the immediate and lag-1 effects respectively:

Yt = bth + blVT/t_l + €, t>1 (7)



The coefficient b, summarizes the relationship between the randomized deviation in the
treatment assignment at occasion ¢ and the outcome at occasion t (i.e., proportional to the
average immediate effect), whereas b; summarizes the relationship between the randomized
deviation in the treatment assignment at occasion t — 1 and the outcome at occasion t (i.e.,
proportional to the average lag-1 effect). Because the treatment predictors are scaled by the
assignment variance, these coefficients must be rescaled to represent the true treatment effects

using the following weights defined

1 1 ®)

Co = —

Ry’

teT,
1 1 )
Cqi =
Y=
ten
The regression-based causal estimators are then

Z(O) = COBO (10)
A® = ¢, b, (11)

When p; = 0.5 for all ¢, v, = 0.25, the transformation is especially simple A© = 4b, and

AW = 4b,. Tt should be noted that the regression model does not imply that the outcome is
generated by a linear model. It is not intended to explain the data generation mechanism. It is a
working model that uses the randomized treatment variation to estimate the causal estimands

defined above.



Assumptions for Causal Interpretation

Lin and Ding (2025) establish consistency and asymptotic normality for the OLS-based
estimator under their design and regularity conditions. We briefly summarize these assumptions

here. The causal interpretation of the regression-based estimator relies on four assumptions:

1. Sequential consistency. The treatment conditions must be well defined, and the observed
outcome must correspond to the potential outcome under the treatment history actually received.

That is, if the realized treatment history through occasion t is wy.;, then Y225 = Y, (wy.,).

2. Sequential positivity. To estimate an immediate effect at occasion t, both treatment and
comparison must be possible at that occasion, meaning 0 < p; < 1. Similarly, to estimate a lag-1
effect at occasion t, the previous assignment W;_; must have been randomized, so 0 < p;_; <
1. If a treatment condition is assigned deterministically such that p, = 0 or 1, the corresponding
variance v, is zero and the transformed indicator W, is undefined. In an unrestricted
randomization scheme, positivity is guaranteed by design. In contrast, under a restricted

randomization scheme, positivity may fail to hold for on some occasions.

3. Sequential exchangeability. On each occasion, conditional on the observed history available
before treatment assignment, the assigned treatment is independent of the current and future
potential outcomes under each treatment history. In the randomized designs considered here, this

condition is ensured by implementing the prespecified assignment scheme.

4. No anticipation. The potential outcome at occasion ¢ may depend on the treatment history up

to and including occasion t, but it should not depend on future treatment assignments.



Extensions of Regression-based Causal Estimation

The original regression-based causal estimator was developed for binary treatment
conditions under unrestricted randomization. In this section, we extend the framework to two
design features common in psychological and behavioral research: intervention designs with

more than two treatment conditions and restricted randomization.
Extension I: Multiple-arm intervention designs

Many within-subject randomization designs in psychological and behavioral research
involve more than two treatment conditions. For example, a study may compare several active
intervention components with a common comparison condition or compare several treatment
variants against a no-treatment or usual-practice condition (e.g., Klasnja et al., 2019). In this
setting, the scalar treatment indicator W; used in the previous section must be extended to a

treatment-indicator vector.

For a J-condition within-subject randomization design, let W, = 0 denote the comparison
condition and W; = j denote treatment condition j, where j = 1, ...,J — 1. As before, let W;., =
(W4, ..., W;) denote the treatment series up to occasion t, and let Y, (W;.;) denote the potential
outcome at occasion t under treatment series ;... Treatment assignment at each occasion is
independent of history under the unrestricted randomization considered in this extension. Let
pej = P(Wy =j | Wit—1) = P(W; = j) denote the known design probability for condition j.

J-1
The comparison-condition probability is pg = 1 — Z ptj- We assume that all J conditions
j=1

have positive assignment probabilities.



Define the treatment-indicator vector D, = (I(W, = 1), ..., (W, = ] — 1))" and the
probability vector p, = (p¢1, -, Py, ]_1)T. Here, I(+) is an indicator function. The entries of D,
indicate which treatment condition was assigned at occasion t, with W, = 0 serving as the

omitted comparison condition. In this extension, D; and p; are (J — 1) X 1 vectors.

The time-specific immediate effect of treatment condition j relative to the comparison

condition at occasion t is given by

5t(,(1)‘)—0 = E[Y,(Wit-1,)) = Y:(Wie-1, 0)]. (12)

As in Equation (1), the expectation is taken over the prior treatment history generated by
the randomization design. Averaging these time-specific effects over the prespecified analysis
window T, gives the average immediate effect of treatment condition j relative to the comparison

condition:

1
(0) (0)
A = E 0. o 13
=0 |30| teT, t=0 (13)

Similarly, the time-specific lag-1 effect at occasion t compares treatment condition j with
the comparison condition at the previous occasion while holding the current treatment fixed. The

lag-1 effect is defined for t > 2:

&) s
e =E[), POl W) (14)

X {Ye(Wy.t—2,J,w) = Ye(Wie—2, 0, w)]}].
This definition compares two histories that differ only at t — 1, while the current

treatment is held the same inside each contrast. The design probabilities are used to average over



the possible current treatment assignments. Under unrestricted randomization, P(W; = w |
Wi.t1) = Dew, SO the same weight is used for both potential outcomes in each contrast. As with
the time-specific immediate effect, we summarize the lag-1 effects over the prespecified analysis

window 77 :

1
(€Y) E (10
A = — 6.7 15
=0 Ig-il teTy L=0 (15)

For convenience, we organize the target causal estimands in a vector 4 =

(Ago_)o, . AE_(]))—l)—O’Agl—)O’ ,AS)_I)_O)T. Thus, there are 2(J — 1) target effects: | — 1 average
immediate effects and / — 1 average lag-1 effects, each relative to the same comparison

condition. In the subscripts, j — 0 denotes a contrast between condition j and condition 0.

To estimate these effects using OLS, we first center and scale the treatment-indicator

vectors D; and D;_; using the known assignment covariance matrices:

5t = Zt_l(Dt — Dt)- (16)

Deoy = 27 (Deey = Pe-1)- (17)
Analogous to the binary transformations in Equations (5) and (6), subtracting p, centers
the observed assignment around its design expectation. The covariance matrix X, extends the

assignment variance v, to multiple treatment indicators:

L, = Var(D,) = diag(p;) — pep;. (18)
The diagonal entries of X, are p;;(1 — p;;), and the off-diagonal entries are —p;;p, for

J # k. Because only one condition can be assigned at each occasion, the treatment indicators are



negatively correlated. Multiplication by X7 1 accounts for both their variances and these
covariances. The matrix is invertible when all treatment conditions and the comparison condition
have positive probabilities. The transformed D is a (J — 1) X 1 vector representing randomized

deviations from the expected treatment assignments.

After the transformation, the working OLS regression is specified as

Yt = Egbo + Eg—lbl + €, t>1. (19)

Here, by = (bg,1, -, bOJ_l)T and by = (b4, ..., le_l)T are (J — 1) X 1 coefficient
vectors for the transformed current and lag-1 treatment indicators, respectively. As in the binary
case, these coefficients must be rescaled to represent the treatment effects. The matrices used to

transform the regression coefficients back to the causal-effect scale are defined as

Mo = — > 20)
O Tl L,
M; = ! >t 21
VR Lger, Y
Let b = (b}, b])T. The regression-based causal estimator is then
- (Mg 0\
A= ( 0 M1) b. (22)

The first ] — 1 elements of A estimate the average immediate effects, and the remaining
J — 1 elements estimate the average lag-1 effects. When the assignment probabilities are constant
across occasions, M, = M; = X1, When J = 2, the vector and matrix formulation reduces to

the binary transformation and rescaling introduced above. When J = 3, it gives two immediate



effects and two lag-1 effects. Simulation Study I evaluates this three-condition application of the

multiple-arm extension.

The multiple-arm extension relies on the same four assumptions stated above: sequential
consistency, sequential positivity, sequential exchangeability, and no anticipation. Here,
positivity requires every condition to have positive assignment probability at the relevant current
and preceding occasions, making X, invertible. The implemented randomization supplies

exchangeability. As above, OLS is a working regression.

Extension II: Restricted Randomization

Another design feature in within-subject randomization studies is to use restrictions on
the treatment sequence to avoid long runs of the same condition. This feature is common in
randomized ATDs in SCEDs because researchers often want treatment conditions to alternate
frequently enough to yield sufficient crossovers to demonstrate treatment effects (WWC, 2022).
For example, Eilers and Hayes (2015) used a two-condition ATD in which no more than two

sessions of the same condition were administered consecutively.

To aid comprehension and reduce notational burden, we present the extension for a two-
condition design with a restricted randomization scheme that allows no more than two
consecutive sessions of the same condition. As before, let W, = 1 denote the treatment condition
and W; = 0 denote the comparison condition. Let p; = P(W; = 1 | W;.,_,) denote the known
conditional probability of receiving treatment at occasion t, given the prior treatment history. Let

q denote the probability of receiving treatment when the restriction does not determine the



assignment, where 0 < g < 1. The first two assignments have probability p; = p, = q. Fort >

3, the conditional probability is given by

1, ith_z = 0 and Wt—l = O,
pe =40, ifW,_, =1land W,_4 =1, (23)
q, otherwise.

This restriction causes the treatment assignment at some occasions to be deterministic:
when p, = 0 or p; = 1, the treatment at occasion t is fixed by the restriction rule and does not
provide randomized information for the immediate treatment contrast. The assignment variance
is still given by v, = p;(1 — p;). The transformed current treatment indicator is then defined as

Wi —pt

Wt _ —Ut , if V¢ > O, (24)

O, lf vt = 0.

The same definition is used for the transformed treatment indicator at occasion t — 1,
replacing p; and v; with p,_; and v;_;. The zero coding indicates that a deterministic
assignment provides no randomized deviation from its conditional expectation; it does not

restore positivity for that occasion.

The working OLS regression under restricted randomization also differs from the model
under unrestricted randomization. Because the assignment probabilities depend on prior

treatment history, we propose a working regression that includes both p; and p;_4:

Y, = a+ boW, + byW,_y + yoPr + V1Pe-1 + €¢- (25)

Here, p; and p;_, are design-based adjustment terms that account for the assignment

dependence created by the restriction rule. Their inclusion follows from the identities W, = p; +



q(1 — @)W, and W,_; = p,_; + q(1 — @)W,_,, which also hold on deterministic occasions.
Thus, a constant additive immediate effect contributes a term involving p;, and a constant
additive lag-1 effect contributes a term involving p,_,. The transformed variables W, and W,_,

continue to represent randomized deviations from the conditional assignment probabilities.

When g = 0.5, treatment and comparison are equally likely whenever the assignment is
randomized. A forced assignment at occasion t — 1 is followed by a randomized assignment at
occasion t. Thus, whenever p,_, differs from 0.5, p, = 0.5. The transformed treatment
indicators are centered on their assignment probabilities and have expected value zero over the
assignments allowed by the design. Together, these properties make the varying part of p;_4
uncorrelated, in design expectation, with p; and both transformed treatment indicators, and the
intercept absorbs its constant part. Thus, omitting p,_; does not change the population treatment
coefficients. We retain p, because it depends on the previous treatment assignment and can be
related to the lag-1 predictor. This gives the reduced working regression with only the current

probability adjustment:

Yt =a+ bth + blwt_l + YP¢ + €. (26)
This is the reduced formulation evaluated in Simulation Study II. The simplification
concerns population coefficients, and it does not imply that the two regressions produce identical

coefficients in each sample or that the reduced estimator is exactly unbiased in finite samples.

When g # 0.5, both probability terms should be retained.

Within the prespecified analysis window, let the eligible occasions for rescaling be 7 =

{t:vy > 0}and 77 = {t:t = 2, v,_; > 0}. The working regression can retain occasions with



deterministic assignments using the zero coding above. The coefficient b, summarizes the
relationship between the randomized deviation in treatment assignment at occasion t and the
outcome at that occasion, whereas b; summarizes the corresponding relationship for treatment
assignment at occasion t — 1. Because the transformed treatment indicators are divided by their
positive conditional assignment variances, these coefficients must be rescaled to represent

treatment effects. As in Equations (8) and (9), define

1 1
Co =17 —. 27)
| 751 _— V¢
1 1
Ci = — . 28
! | 731 rer Vi1 8)
1

The regression-based causal estimators are then A©® = ¢,by and ADV = ¢;b;. When q =
0.5, every positive assignment variance equals 0.25. Hence, ¢, = ¢; = 4, and the estimated

immediate and lag-1 effects are 4b, and 4b,, respectively. The factor of four converts the
coefficients from the transformed-predictor scale to the causal-effect scale, and deterministic

occasions are retained in the working regression but are excluded from the rescaling sums.

The assumptions of sequential consistency, sequential exchangeability, and no
anticipation remain as stated above. However, the restriction makes some assignments
deterministic, so sequential positivity does not hold for every treatment history. The zero-coded
transformed indicators retain those occasions in the working regression but do not supply an
immediate or lag-1 contrast where assignment was forced. The constant additive effects
assumption allow the effects on eligible histories to extend to those unsupported contrasts.

Without that additional assumption, the causal interpretation is limited to histories at which the



relevant assignment remains randomized. The derivation and its conditions are provided in the

supplemental materials.

Inference and Standard Error Estimation

After fitting the working OLS model, uncertainty was estimated using robust covariance
estimators. We considered two standard error options: Newey—West heteroskedasticity- and
autocorrelation-consistent (HAC) standard errors and HC3 heteroskedasticity-robust standard
errors.

The Newey—West HAC standard error estimator (Newey & West, 1987) is useful in time-
series settings because the estimating terms from the working regression may remain serially
dependent. Although the regression includes transformed current and lag-1 treatment indicators,
it does not require the remaining variation to be independent over time. Serial dependence may
still arise from prior outcomes, longer-lag carryover beyond lag 1, or other unmodeled temporal
factors. Following common practice, the HAC bandwidth was set to [Tl/ 4], where T denotes the
number of occasions included in the fitted working regression (Greene, 2003; Lin & Ding,
2025).

The second option was the HC3 robust standard error estimator (Long & Ervin, 2000).
HC3 does not explicitly adjust for serial dependence, but it is often useful in small-sample
regression settings because it reduces downward bias in heteroskedasticity-robust variance
estimation when leverage is non-negligible. This feature is relevant for psychological within-
subject randomization designs, which often have relatively short series lengths.

For the binary and restricted-randomization estimators, standard errors for the causal-
effect estimates were obtained by applying the same rescaling used for the point estimates. That

is, after the OLS coefficients were transformed back to the causal-effect scale, their standard



errors were transformed using the corresponding scaling factors. For the multiple-arm estimator,
the covariance matrix of the regression coefficients was transformed using the same linear
transformation applied to the coefficient vector. This ensured that both the point estimates and
their standard errors were reported on the causal-effect scale. Confidence intervals and p-values
were then computed from the transformed estimates and transformed standard errors.

Statistical Simulation

To evaluate the proposed regression-based causal estimator under conditions relevant to
psychological within-subject randomization designs, we conducted two Monte Carlo simulation
studies. The first simulation evaluated Extension I in a three-condition intervention design,
providing an application of the general multiple-arm formulation. The second simulation
evaluated the proposed estimator under restricted randomization. We did not include a separate
unrestricted two-condition simulation because that setting corresponds to the baseline
formulation already introduced in the preceding theoretical section. The three-condition
simulation evaluates the multiple-arm formulation with two treatment conditions and a common

comparison condition.

Simulation Study I

Data Generation and Conditions

The first simulation study evaluated Extension I in a three-condition within-subject
randomization design, corresponding to / = 3. The comparison condition was coded as W, = 0
and labeled condition A. The two treatment conditions were coded as W, = 1 and W, = 2 and

labeled conditions B and C, respectively. On each occasion, one of the three conditions was



independently assigned with known design probabilities P(W, = 0) = .40, P(W; = 1) = .30,

and P(W; = 2) = .30. The observed outcome was generated from the following model:

Y, = Bilog(t) + dgol (W, = 1) + 6ol (W, = 2)

29
+6311(Wt_1 = 1) + 6C1I(Wt—l = 2) + 81" ( )

where £,~N(0,1), and condition A was the comparison condition. The parameters dp, and 6.,
represent the true immediate treatment effects of conditions B and C, respectively, compared

with condition A. The parameters §p; and 84 represent the corresponding lag-1 effects. Under

the constant additive effects used here, these four parameters equal Ago_)o, Ago_)o, Agl_)o, and Agl_)o,

respectively. The log-time trend was included to evaluate performance when the outcome
changes over time for reasons unrelated to treatment. For inference, two robust standard error
options were examined: Newey—West HAC standard errors and HC3 robust standard errors.
HAC standard errors account for possible heteroskedasticity and serial dependence in the
working-regression estimating terms, whereas HC3 standard errors provide a finite-sample

heteroskedasticity-robust option when leverage may be non-negligible.

The simulation conditions crossed the following factors: time trend, immediate effect of
condition B, immediate effect of condition C, lag-1 effect of condition B, lag-1 effect of
condition C, and series length T. These conditions produced 160 simulation conditions. For each
condition, 1,000 datasets were generated. The detailed simulation conditions for the Simulation |

is shown in Table 1.



Table 1

Simulation Conditions for the Three-Condition Desing

Factor Values
Time trend (f;) 0, 1)
Immediate effect of Condition B (85,) 0, 3)
Immediate effect of Condition C (&) 0, 2)
Lag-1 effect of Condition B ( 651) 0, 1)
Lag-1 effect of Condition C, (8¢4) 0, 1)
Series length (T) (20, 50, 100, 150)

Analytical Methods

For each simulated dataset, the multiple-arm estimator was implemented for three
conditions using the procedure described in Extension I. The treatment indicators for conditions
B and C were transformed using the assignment covariance matrix in Equations (16)—(18), and

the working OLS model in Equation (19) was fitted to each simulated dataset:

Yt = ﬁgbo + 5;_1b1 + et. (30)

The resulting coefficient vector was then mapped back to the causal-effect scale using the block-
matrix rescaling in Equation (22). With conditions A, B, and C corresponding to codes 0, 1, and
A© 400 A1)

2, the four estimates were denoted by 4,7, 4,7, 4;,, and ﬁ(zl_)o. These estimate the immediate

and lag-1 effects of condition B versus condition A and condition C versus condition A.



For inference, both Newey—West HAC and HC3 robust standard errors were applied to
the fitted working regression. The coefficient covariance matrix was transformed using the same

linear transformation used for the point estimates.

Simulation Study IT

Data Generation and Conditions

The second simulation study evaluated the proposed estimator under restricted
randomization. The design included a treatment condition and a comparison condition, W; €
{0,1}, but the treatment sequence was restricted so that no condition could be assigned more than
two times consecutively. This restriction reflects a common design choice in short randomized
alternating-treatment designs, where researchers may wish to avoid long runs of the same
condition. The purpose was to examine whether the proposed probability-adjusted regression-
based estimator remains unbiased when the treatment assignment mechanism depends on prior

assignments.

The first two occasions were randomized with p; = p, = .50. For t > 3, the conditional

probability depended on the two previous assignments:

1, lf Wt_z = O and Wt—l = 0,
pt = P(Wt =1 | Wl:t—l) = O, lf Wt—_z =1 al’ld Wt—l = 1, (31)
.50, otherwise.

The outcome was generated using the same basic structure as in Simulation Study I:

Yt = ﬁllog(t) + 60Wt + 61Wt—_1 + gt, (32)

where Wy, = 0 and &, ~ N(0,1).



The simulation conditions crossed time trend, immediate effect, lag-1 effect, and series
length T'. These conditions produced 48 simulation cells. For each cell, 1,000 datasets were

generated. The detailed simulation conditions for the Simulation II are shown in Table 2.

Table 2

Simulation Conditions for the Restricted-randomization Designs

Factor Values

Time trend (5;) 0, 1)
Immediate effect (5;) (0, 2, 3, 4)
Lag-1 effect (6;) 0, 1)

Series length (T) (15, 30, 60)

Analytical Methods

For each simulated dataset, the conditional assignment probabilities were computed from
the restricted randomization rule. The transformed treatment indicators were then constructed
using the restricted-randomization transformation defined above, with deterministic occasions

coded as zero so that they did not contribute randomized treatment variation.

Two working regression estimators were compared. The first was a non-probability-

adjusted working regression,

Y, = boW, + b;W,_; + ey, (33)



which used the transformed current and lag-1 treatment indicators but did not include the
additional design-based adjustment term. The second was the reduced probability-adjusted
working regression for equal assignment probabilities on randomized occasions, as shown in

Equation (26):

Yt =a+ bth + blwt_l + )/pt + et. (34)

This comparison was included to evaluate whether adding p; is necessary when the
randomization probability depends on prior treatment history. For both estimators, the immediate
and lag-1 coefficients were rescaled to the causal-effect scale using the same logic as Equations
(8)—(11), but only over occasions satisfying the relevant positivity condition. HAC and HC3
robust standard errors were applied and transformed using the same scaling factors as the point

estimates.
Evaluation Metrics

The same evaluation criteria were used across the two simulation studies. For each

simulation condition, point-estimation accuracy was assessed using empirical bias, relative bias,

and root mean squared error (RMSE). Empirical bias was defined as Bias = A-— A, where Ais
the average estimated effect across replications and A is the true effect. Relative bias was
computed by dividing empirical bias by the true effect and was reported only when the true
effect was nonzero. RMSE summarized the overall estimation error by combining both bias and
variability across replications. Inferential performance was evaluated using confidence interval
coverage, empirical Type I error, and empirical power. For each replication, a 95% Wald-type

confidence interval was constructed using the estimated standard error from the fitted model.



Coverage was defined as the proportion of replications in which the confidence interval
contained the true effect. Empirical Type I error was computed as the rejection rate at the .05
level when the true effect was zero, whereas empirical power was computed as the rejection rate
when the true effect was nonzero. For each simulation study, these metrics were reported
separately for the immediate effect and the lag-1 effect. In the three-condition study, the metrics

were reported separately for each active condition relative to the reference condition.

Transparency and Openness

The R code for the two simulation studies and empirical demonstrations is available at
https://github.com/cliatca/within-subject-causal-inference. The values used for the Jacob
demonstration are included in the demonstration script. The HeartSteps data file needed to rerun

that demonstration is not currently included in the repository.

Simulation Results

Simulation Study 1

The relative bias results showed that the three-condition transformed-regressor estimator
recovered the causal effects with small bias across most conditions. Relative bias was largest
when the number of occasions was smallest, especially for the lag-1 effects, but it decreased as
the series length increased. For the immediate effects, relative bias was generally close to zero
across series lengths and moved further toward zero as T increased. For the lag-1 effects, relative
bias was more variable in the shorter series but also decreased with larger T. Overall, these
results suggest that the estimator was approximately unbiased for both immediate and lag-1
effects, with greater finite-sample variability when the series length was short. Figure 2 shows

the mean relative bias for each causal contrast across series lengths.



Figure 2

Relative Bias of the Three-Condition Regression-Based Estimator
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RMSE showed the expected decrease as the number of occasions increased. Across the

four causal contrasts, RMSE was largest in the shortest series and declined steadily as T

increased. This pattern indicates that the estimator became more stable as more randomized

occasions were available. RMSE was similar across the two active conditions and across

immediate and lag-1 effects, suggesting that the proposed estimator behaved consistently across

the vector-valued causal targets in the three-condition design. Figure 3 shows the RMSE across

different number of occasions in the simulation.



Figure 3

RMSE of the Three-Condition Regression-Based Estimator
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Inference performance depended on the standard error estimator, as shown in Figure 4.
HAC standard errors tended to produce slightly lower coverage and higher Type I error in
shorter series, whereas HC3 standard errors were more conservative, especially when Twas
small. As the number of occasions increased, coverage and Type I error improved for both
approaches. Power increased with series length and was higher for the larger immediate effects

than for the smaller lag-1 effects.



Figure 4

Inference Performance of the Three-Condition Regression-Based Estimator
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Simulation Study 11

The relative bias results showed a clear difference between the non-probability-adjusted
and probability-adjusted estimators. For the immediate effect, both estimators showed relative
bias close to zero across series lengths. However, for the lag-1 effect, the non-probability-
adjusted estimator showed substantial negative bias across all values of T. This bias did not
disappear as the number of occasions increased, suggesting that the problem was not simply
finite-sample variability but a systematic consequence of omitting the design-based probability
adjustment. In contrast, the probability-adjusted estimator had relative bias close to zero for both

the immediate and lag-1 effects. These results support the need to include p,when the



randomization probability depends on prior treatment history. Figure 5 shows the mean relative
bias for the immediate and lag-1 effects, comparing the non-probability-adjusted and probability-

adjusted estimators.

Figure 5

Relative Bias of Restricted-Randomization Estimators
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For the remaining results, we focused on the probability-adjusted estimator because the
relative bias results showed that the non-probability-adjusted estimator was biased for the lag-1
effect. RMSE decreased as the number of occasions increased. For the immediate effect, RMSE
was largest when T = 15, decreased at T = 30, and was smallest when T = 60. The same
pattern was observed for the lag-1 effect, although RMSE was larger for the lag-1 effect than for

the immediate effect across all series lengths. This result indicates that the probability-adjusted



estimator became more stable as more randomized occasions were available, but estimating lag-1
effects remained more difficult than estimating immediate effects in short restricted-
randomization sequences. Figure 6 shows the RMSE of the probability-adjusted estimator across

series lengths.

Figure 6

RMSE of the Probability-Adjusted Restricted-Randomization Estimator
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Inference performance for the probability-adjusted estimator depended on the standard
error method, as shown in Figure 7. HAC standard errors produced lower coverage than HC3,
especially for the lag-1 effect and when the series length was short. Coverage improved as T
increased, but HAC coverage remained slightly below the nominal .95 level in several

conditions. This pattern was also reflected in Type I error rates: HAC produced inflated Type I



error, particularly for the lag-1 effect in shorter series. HC3 standard errors were more

conservative. They produced coverage closer to or slightly above the nominal level and lower

Type I error rates across series lengths. However, this conservatism was associated with lower

power, especially for the lag-1 effect. Power increased with T for both HAC and HC3, but power

was consistently higher for the immediate effect than for the lag-1 effect. Overall, the

probability-adjusted estimator showed good point-estimation performance, but inference

remained challenging in short restricted-randomization series, especially for lag-1 effects.

Figure 7

Inference Performance of the Probability-Adjusted Restricted-Randomization Estimator
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Empirical Demonstration

To illustrate how the proposed regression-based causal estimators can be implemented in
applied psychological research, we applied the methods to the two empirical examples. These
demonstrations show how the proposed estimators can be obtained from observed within-subject

randomization design data and how the resulting coefficients can be interpreted.

Empirical Example I: Three-condition Intervention

The first empirical demonstration used data from the HeartSteps study (Klasnja et al.,
2019), a micro-randomized trial designed to evaluate just-in-time activity suggestions. In the
study, the same participant(s) were repeatedly randomized at different time points (known as
decision points) when one of three conditions was assigned: no suggestion, a walking suggestion,
or an anti-sedentary suggestion. The aim was to examine whether suggestions increased short-
term physical activity. The outcome was the number of steps recorded in the 30 minutes after
each decision point. The comparison condition was no suggestion, and the two treatment

conditions were walking suggestions and anti-sedentary suggestions.

For the present demonstration, we selected one participant and included all eligible
decision points at which the participant was randomized to one of the three conditions. We
excluded decision points with missing outcome data, leaving 175 decision points in the final
analysis. The three conditions were coded as follows: W, = 0 for no suggestion, W; = 1 for a
walking suggestion, and W, = 2 for an anti-sedentary suggestion. The known design
probabilities were p;o = P(W; = 0) = .40, p;y = P(W, =1) = .30, and py, = P(W, = 2) =

.30. Therefore, the treatment-indicator vector D, included two indicators, one for a walking



suggestion and one for an anti-sedentary suggestion, with no suggestion serving as the

comparison condition. With these probabilities, the assignment covariance matrix was

_ (.21 —-.09
2= (—.09 .21 )' (35)
and its inverse was
_1 _ (5.83 2.50
2= (2.50 5.83)' (36)

For each decision point, the current treatment-indicator vector D, and its lag-1 version
D,_, were centered by their design expectations and weighted using X ~1. We then fit the
working OLS regression with four transformed predictors: current walking suggestion, current
anti-sedentary suggestion, lag-1 walking suggestion, and lag-1 anti-sedentary suggestion. The
fitted coefficients were transformed back to the additive step-count scale using the same linear
transformation described in Equation (22). Standard errors were computed using both HC3 and

Newey—West HAC estimators.

The results are shown in Table 3. Using Newey-West HAC standard errors, the estimated
immediate effect of a walking suggestion versus no suggestion was 129.04 additional steps in the
30 minutes after randomization, with a standard error of 77.45 and a 95% confidence interval
from -23.84 to 281.92. The estimated immediate effect of an anti-sedentary suggestion versus no
suggestion was 143.41 additional steps, with a standard error of 88.17 and a 95% confidence
interval from -30.63 to 317.46. Although both immediate-effect estimates were positive, neither

reached conventional statistical significance.

For the lag-1 effects, the estimated effect of a walking suggestion at the previous decision
point was 54.42 steps, with a standard error of 87.70 and a 95% confidence interval from -118.69

to 227.53. The estimated lag-1 effect of an anti-sedentary suggestion was -95.60 steps, with a



standard error of 94.82 and a 95% confidence interval from -282.76 to 91.57. These estimates do
not provide clear evidence that either type of suggestion had a residual effect on step counts at

the next decision point.

Table 3

Regression-based causal estimates for one participant in the HeartSteps demonstration

Effect SE type Estimate SE ~ 95% CI

Immediate: walking vs no suggestion HC3  129.04 83.73 [-36.24, 294.31]

Immediate: anti-sedentary vs no suggestion HC3 ~ 143.41 97.37 [-48.79, 335.62]

Lag-1: walking vs no suggestion HC3 5442  88.21[-119.69, 228.53]

Lag-1: anti-sedentary vs no suggestion HC3  -95.60 91.33[-275.87, 84.67]

Immediate: walking vs no suggestion HAC 129.04 77.45[-23.84,281.92]

Immediate: anti-sedentary vs no suggestion HAC  143.41 88.17 [-30.63, 317.46]

Lag-1: walking vs no suggestion HAC 5442  87.70 [-118.69, 227.53]

Lag-1: anti-sedentary vs no suggestion HAC -95.60 94.82[-282.76,91.57]

Empirical Example II: Restricted Randomization

The second empirical demonstration used data from the randomized ATD design (Eilers
& Hayes, 2015). The study compared a cognitive exercise with a control exercise for children

with autism spectrum disorder. The goal was to examine whether the cognitive defusion



component could reduce problem behavior, particularly repetitive and restrictive behaviors. Two
intervention conditions were alternated within each subject, and the treatment sequence was
restricted so that no condition could be administered more than two times consecutively. The

outcome was the percentage of intervals with problem behavior at each session.

For this demonstration, we focused on Jacob. The data were extracted from the published
figure and consisted of 16 sessions shown in Figure 8. Treatment A and Treatment B were coded
as W, = 0 and W, = 1, respectively. Under the no-more-than-two-consecutive-sessions

restriction, 11 current-session assignments were randomized and 5 were deterministic.

Figure 8

Jacob's Problem Behavior Across Sessions by Treatment Condition in Eilers and Hayes (2015)
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For each session, we computed the conditional probability p, = P(W; = 1 | Wy.4—1)

implied by the restricted randomization rule and used it to construct the transformed current



treatment indicator WW,. On randomized sessions, p, = .50 and v,=.25, so the transformed
indicator equals -2 for Treatment A and 2 for Treatment B, and it was set to zero when
assignment was deterministic. Table 4 shows the values for Jacob’s 16 sessions. The probability-

adjusted working regression included W,, W,_,, and p, as a design-based adjustment.

Table 4

Assignment Status and Transformed Treatment Indicator for Jacob

Session Assignment status Assigned condition W;
1 Randomized Control (A) -2
2 Randomized Control (A) -2
3 Deterministic Treatment (B) 0
4 Randomized Treatment (B) 2
5 Deterministic Control (A) 0
6 Randomized Control (A) -2
7 Deterministic Treatment (B) 0
8 Randomized Treatment (B) 2
9 Deterministic Control (A) 0
10 Randomized Treatment (B) 2
11 Randomized Control (A) -2
12 Randomized Treatment (B) 2
13 Randomized Treatment (B) 2
14 Deterministic Control (A) 0




Session Assignment status Assigned condition W;

15 Randomized Treatment (B) 2

16  Randomized Treatment (B) 2

Using the working OLS model in Equation (26), the estimated average immediate effect
was -19.04 percentage points, with a standard error of 6.00 and a 95% confidence interval from -
32.11 to -5.97. This suggests that Treatment B was associated with an immediate reduction in
problem behavior relative to Treatment A for Jacob. The estimated average lag-1 effect was -
2.81 percentage points, with a standard error of 5.62 and a 95% confidence interval from -15.06
to 9.44. Thus, there was limited evidence of a residual effect of the previous session’s treatment
on the current session’s outcome after accounting for the current treatment and the restricted

randomization mechanism.

Discussion

The present study introduced and advanced a regression-based causal inference
framework for within-subject randomization designs in psychological research. The goal was to
connect a familiar analytic tool (i.e., OLS regression) to design-based causal estimands defined
under the potential-outcomes framework. The study focused on two treatment effects that are
especially relevant for repeated within-subject experiments: the average immediate effect of the
current treatment and the average lag-1 effect of the prior treatment. The study advanced existing
methodology in two ways. First, it extended the regression-based causal estimator to multiple-
arm intervention studies, where two or more active conditions are compared with a common
reference condition. Second, it developed a probability-adjusted regression-based estimator for

restricted randomization designs, where the treatment assignment probability depends on



treatment history with some sessions violating positivity assumption. The simulation studies
provided evidence for the proposed approach. In the first simulation study, the proposed
estimator recovered both immediate and lag-1 effects with small bias and robust inference with
longer series length. In the restricted-randomization simulation, the probability-adjusted
estimator also recovered both immediate and lag-1 effects with small bias. However, inference
remained challenging in short restricted series: confidence intervals were undercovered and Type
I error was inflated, especially for lag-1 effects. The empirical demonstrations illustrated how the
proposed methods can be implemented in applied settings. In the HeartSteps study (Klasnja et
al., 2019), the three-condition estimator produced interpretable estimates of additional steps
following walking and anti-sedentary suggestions, as well as their lag-1 effects. In the restricted
alternating-treatment example, the proposed probability-adjusted estimator separated the
immediate effect from the lag-1 effect for Jacob. The immediate estimate suggested that
Treatment B reduced problem behavior relative to Treatment A, whereas the lag-1 estimate did

not provide clear evidence of residual treatment effects.

Relation to Existing Methods

The proposed framework differs from traditional analytic approaches used in within-
subject designs. Traditional summaries, such as mean differences, nonoverlap indices, visual
analysis, and standard regression summaries, often describe observed differences between
conditions. These methods can be useful and accessible, but their causal interpretation may
require additional assumptions about trends, comparability of sessions, and the absence of
multiple treatment interference. In contrast, the proposed approach defines causal effects through
potential outcomes and uses the known randomization mechanism to estimate those effects. The

causal interpretation therefore comes from the design, not from assuming that the regression



model is the true data-generating process. The regression model is a working model for the
design-based causal inference. Its purpose is not to correctly specify the outcome-generating
process. Instead, it is a computational device for extracting randomized variation from the
treatment sequence. A standard regression of the outcome on treatment indicators could be
descriptive if it ignores the treatment assignment mechanism. The proposed regression centers
and scales the treatment variables according to the known randomization design - this design-

based transformation is what supports the causal interpretation.

The proposed framework also connects closely to recent design-based IPW and AIPW
approaches for randomized alternating treatment designs. Luo and Li (2026) define average
immediate and lag-1 causal effects and estimate them by weighting contrast-coded outcomes
using the known assignment probabilities. The present study targets the same general problem:
how to estimate causal effects in randomized within-subject designs when outcomes may depend
on current and prior treatments. However, the implementation differs. Instead of asking applied
researchers to construct weighted contrast outcomes directly, the present approach embeds the
randomization information into transformed regression predictors. Its practical advantage is that
it expresses this logic through regression, a tool already widely used by applied psychological

researchers.

Limitations and Future Directions

First, the empirical HeartSteps demonstration used complete-timepoint analysis. In
mobile health and intensive settings, missingness can arise from device non-wear, sensor failure,
nonavailability, or participant behavior. If missingness is related to prior outcomes, context, or
treatment assignment, complete-case analysis may change the target estimand or introduce bias.

Future work should integrate and evaluate the proposed regression-based causal inference with



missing data strategies, such as multiple imputation or joint modeling of observation and

outcome processes.

Second, the asymptotic theory for restricted within-subject randomization remains
underdeveloped. Lin and Ding (2026)’s regression-based framework provides a foundation for
time-series experiments, but the restricted-randomization designs common in psychological and
behavioral applications introduce additional complications. Treatment probabilities may be
history-dependent, deterministic occasions may violate positivity for some contrasts, and the
lagged treatment predictor may be correlated with the current assignment mechanism. The
simulation results suggest that the probability-adjusted estimator can reduce point-estimation
bias under these conditions, but a full theoretical derivation is still needed to establish
consistency, asymptotic normality, and valid variance estimation under realistic restricted

designs.

Third, inference remained difficult in short restricted series. In Simulation Study 11, the
proposed estimator had small bias, but HAC confidence intervals undercovered and Type I error
rates were inflated, particularly for lag-1 effects. On the other hand, HC3 controlled Type I error
more closely, although its confidence intervals were conservative and its power was lower.
Because many alternating treatment designs have short series, standard Wald-type inference
should be interpreted cautiously. In particular, a nonsignificant lag-1 estimate should not be
taken as evidence of no carryover effect, especially when few occasions provide randomized lag-

1 contrasts.

Fourth, the present study focused on a single experimental unit at a time. It did not assess
whether the average immediate and lag-1 effects vary across units in studies that include multiple

participants, classrooms, dyads, or settings. Future research could extend the framework to



treatment-effect heterogeneity across experimental units. Moment-based methods could be
developed to estimate variation in the average immediate and lag-1 effects across units while

accounting for estimation error within each unit.
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