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1 Introduction

Our package allows for power calculations across a range of common scenarios that a user might
select. Each scenario is categorized by two choices. First, the user chooses the planned experimental
design (e.g., clustered data, with randomization within cluster). Second, the user makes a choice
of the planned analytic model they would use for the data (e.g. a multilevel model with random
impacts). To provide a concrete example, throughout we assume an education setting where we
have students (level 1) nested within schools (level 2) nested, in the three-level case, within districts
(level 3).

The design is characterized by the number of levels of nesting (e.g., students in schools, no dis-
tricts, would be two levels) and the level of randomization (e.g., randomization of schools would be
randomization at level two).

The model choices are a bit more complex, and we discuss them in detail below. In particular, for
each model we support, we create a taxonomy by noting what modeling choice is used at each level
of the model, and how covariates are used.

For all designs and models, we only support estimating the causal effect of a binary treatment.

The outline of this appendix is as follows. In the introduction, we provide notation, a taxonomy for
models, an explanation of user-set parameters, and an outline the power estimation strategy. The
bulk of the appendix then provides detailed information about each supported scenario, including
the assumed model and consequent standard error formula. We then describe the data generating



Param Description

M Number of outcomes

n Number of level 1 units in each level 2 group (assumed constant
across level 2 groups)

J Number of level 2 units in each level 3 group (assumed constant
across level 3 groups)

K Number of level 3 units

T Proportion of the sample that is assigned to the treatment group
(assumed constant across groups)

N Total number of units: N = 31| Z}]=1 n

Sid Categorical variable indicating the membership of individual ¢ to a
level 2 group

D4 Categorical variable indicating the membership of individual 7 to a
level 3 group

Yijmk Observed outcome for unit ¢ in level 2 group j in level 3 group k
for outcome m

Tijk Binary treatment assignment for unit ¢ in level 2 group j in level 3
group k

Vim Vector of level 3 covariates

93.m Number of level 3 covariates for outcome m

Xikm Vector of level 2 covariates

92.m Number of level 2 covariates for outcome m

Cijkm Vector of level 1 covariates

J1.m Number of level 1 covariates for outcome m

Table 1: Observed quantities.

process that we used for the package validation; this section might also be useful for readers who
wish to understand the models and assumptions more deeply. The final two sections provide explicit
formula linking the user-specified parameters used for power analysis to the full set of parameters
used for data generation, followed by derivations of these formula.

1.1 Notation

To define our models, we first assume a set of observed quantities, shown in Table [l such as sample
sizes, the outcomes, and covariates. For all notation, we use ¢ to index level 1 (individuals), j to
index level 2 (schools), k to index level 3 (districts), and m to index outcomes.

We define an impact as the difference in outcome when 7Tj;, = 1 compared to when 7}, = 0. Define
Yiikm(Lij = 1), or Yijkm(1) for short, as the potential outcome given T, = 1, and Y, (0) as the
potential outcome given T;;;, = 0. We can then define the average treatment impact for outcome m



at different levels:

n

1

Level 1: 60y jgm = - Z [Yiikm(1) — Yijkm(0)]  for a given school j in district k. (1)
1 Zjl

Level 2: 9y g, = 7 ; 61 jkm for district k. (2)
| K

Level 3: =i, = e kz:;@bl,km. (3)

For three-level designs, our estimand is the average district treatment impact = ,,,; for two-level
designs the average school impact /1 ,,; and for one-level designs the average student impact 61 ,,.
We only consider person-weighted estimands, where each level 1 unit is equally weighted. If we have
different sample sizes within a level, such as having different numbers of students in each school,
we could alternatively consider estimands that weight by the size of the school.

We also use group mean outcomes under no treatment at different levels:

Level 11 6y jgm = %i Yijkm(0) for a given school j in district k. (4)
1 Zjl -

Level 2: g gm = 7 ; 0o, jkm for district k. (5)
| K

Level 3:  Zg,m = 17 2 Yo .- (6)

We call the means of levels two and three “grand” means because they are the means of means.
These quantities are listed in Table [2]

1.2 Model taxonomy

All of our models are variants of regression models. Depending on specification we might have fixed
or random effects at different levels. Table [3| lists our notation we use for the latent parameters
associated with these models. The residual intercepts and impacts are deviations from the respective
group means. For example, u jr, would be how School j in District k’s average treatment effect
for outcome m was different from the average impact in District k, i.e., w1 jkm = 01 jkm — V1,km-

Using our full set of notation, we can create a model taxonomy based on the modeling choices used
for all the intercepts and impacts. In particular we determine for each level:

e Whether the level 2 and level 3 intercepts are:
— fixed (ug jkm and/or wo jim, are fixed effects)

— random (g jkm and/or wo jm are considered to be Normally distributed, allowing for
partial pooling).

e Whether the level 2 and level 3 treatment effects are:



Param Description

Yiimk(Lijr = 0) | Potential outcome for unit ¢ in level 2 group j in level 3 group
k for outcome m given control treatment

Yiimk(Tijx = 1) | Potential outcome for unit ¢ in level 2 group j in level 3 group
k for outcome m given active treatment

=Z0,m Grand mean outcome under no treatment across level 3 units
for outcome m

Zim Grand mean impact across level 3 units for outcome m

V0. kem Grand mean outcome under no treatment across level 2 units
in level 3 unit £ for outcome m

U1 km Grand mean impact across level 2 units in level 3 unit k& for
outcome m

0, jkm Mean outcome under no treatment for individuals in level 2
unit 7 in level 3 unit k for outcome m

01 jkm Mean impact on individuals in level 2 unit 7 in level 3 unit &
for outcome m

Table 2: Means and average impacts.

— constant, e.g., all units are modeled as having a single average impact (uy jk, = 0 and/or
W1,km = 0)

— fixed, with each unit has an individual estimated impact making the wuq jxm Or Wi jkm
fixed effects constrained to have mean 0, with an additional overall mean impact.

— random, with u jrm, and wq gy, modeled as Normally distributed around an overall mean
impact.

On Table [3] the variance terms can be thought of either as the variance of some random effect or
as the variance of some fixed effects across the groups in the sample.

In addition, for each level the user can plan to adjust for baseline covariates, unless there are fixed
effects at that level or below (if you have a dummy variable for each group in a level, a covariate at
that level would be co-linear with those dummies). The coefficient vectors listed on Table |3 would
be estimated in models that use the baseline covariates as controls in the estimation process.

1.3 PowerUp!

For users familiar with PowerUp! (Dong and Maynard, |2013; Bulus et al., |2022), Table 4| provides a
reference for translating notation between PowerUp! and this document. Note that in some models,
PowerUp! includes treatment by covariate interactions, allowing for, in principle, heterogeneous
treatment effects correlated with said covariates. We do not allow for this, as including treatment by
covariate interactions adds complexity with estimation of average treatment effects, and is unlikely
to help with the precision of an overall average impact estimate. We view covariate by treatment
interactions as primarily for modeling treatment effect heterogeneity, which is not the goal of this
package or project. When this difference between PowerUp! and our approach occurs, it is noted.



Param Description

Wo km Level 3/District residual intercepts

W1 km, Level 3/District residual impacts

U(Q),m Variance of level 3 intercepts for outcome m

nfm Variance of level 3 impacts for outcome m (cross-district treat-
ment heterogeneity)

& Coefficient vector of level 3 covariates Vi,

U, jkm Level 2/School residual intercepts

U1 jkm Level 2/School residual impacts

Tom Variance of level 2 intercepts for outcome m

7'127m Variance of level 2 impacts for outcome m (cross-school treat-
ment heterogeneity)

O Coefficient vector of level 2 covariates Xz,

Tijkm Level 1/Individual intercepts

o2 Variance of individual/level 1 residuals

Y Coefficient vector of individual/level 1 covariates Cjjxm,

Table 3: Latent parameters capturing variation. “Residual” indicates deviations from an overall
group mean or expectation.

1.4 Scenario naming convention

We denote the research design by d, followed by the number of levels and randomization level, so
“d3.17 is a 3-level design with randomization at level 1. The model is denoted by m, followed
by the level and the assumption for the intercepts, either f or r and then the assumption for the
treatment impacts, ¢, f, or r. For example, m3ff2rc means at level 3, we assume fixed intercepts
and fixed treatment impacts, and at level 2 we assume random intercepts and constant treatment
impacts. The full design and model are specified by concatenating these together, e.g., d2.1 m3fc.

Examples:

e d2.1 m2rr: 2 level, individual assignment, level 2 random intercept and random treatment
effect. Corresponds to PowerUP! blocked_il_2r.

e d3.2.m3ff2rc: 3 level, level 2 assignment, level 3 fixed intercepts and fixed treatment ef-
fects, level 2 random intercepts and constant treatment effects. Corresponds to PowerUP!
blocked_c2_3f.

Table |5 shows the list of supported scenarios and their corresponding names in PowerUp!

1.5 Control parameters

To calculate power, a user must choose assumed values for some of the latent parameters. However,
for certain parameters, the user may instead have more intuition about likely values of functions of
these parameters, rather than the parameters themselves. For example, rather than choosing the
values of the coefficients for all the level 3 covariates one has (&), the user would set Rj, , the
amount of level three variation explained by the covariates. These derived parameters, which are
functions of unobserved parameters, are listed in Table [6, We refer to these derived parameters as
“control” parameters because they are set, or controlled, by the user.



PowerUpl PUMP Description

Boj 00.jkm Mean outcome under no treatment for school j in dis-
trict k

Bi; 01 jkm Mean impact for school j in district k

X Cijkm Individual covariates

Ba; Y Coefficient vector for individual covariates Cjjim,

Yoo V0. km Grand mean outcome under no treatment across schools
in district k

Y10 U1 km Grand mean impact across schools in district k

Wik Xikm School covariates

Yok O Coefficient vector for school covariates X,

Hoj U0, jkm School intercepts

) UL jkm School impacts

Ty Tom Variance of school random effects

T2 Tom + 0z, | Overall variance of schools

oW Tm Variance of school impacts

P2 ICCy Intraclass correlation (unconditional) for level 2

W Wo Ratio of variation of impacts to residuals for level 2

ToT9 KY Correlations between school random effects and impacts

000 Z0.m Grand mean outcome under no treatment across dis-
tricts

100 Zim Grand mean impact across districts

Vi Vim District covariates

Eoo1 & Coefficient vector for district covariates Vi,

Coo W0 km District intercepts

C10 W1 km, District impacts

Tav 16.m Variance of district random effects

73 Mom + &5 | Overall variance of districts

Toaly U Variance of district impacts

373 KY Correlations between district random effects and im-
pacts

Table 4: Correspondence of parameters with PowerUp!

We next provide further clarification on these control parameters. To keep the formulae for intraclass
correlation coefficients (ICCs) and R? terms simple and clear, we assume we only have a single
covariate at each level for the purpose of these derivations. We further assume that all covariates
have unit variance and are group-mean centeredE] Group-mean centering means covariates can only
explain variation at their level; in practice, raw lower-level covariates could explain variation in
higher levels, if they systematically differ by group (e.g., individual student tests might capture the
“contextual effect” that could be predicted with school-level average test scores). This again allows
for clean formula for how covariates can impact the overall standard errors.

LA group-mean centered covariate is when you subtract the mean covariate value off for each group in turn. For
example, to group-mean center student math tests, you would calculate school-average math test for each school, and
then subtract that off of the individual student scores. The school-level mean of a group-mean-centered covariate
will always be zero.



PUMP Model Name in PowerUp! Other Names

dl.1.mlc n/a Simple randomization
d2.1_m?2fc bira2_lc RICC

d2.1_m2ff bira2_1f

d2.1_m2fr or d2.1_m2rr bira2_1r FIRC and RIRC
d2.2_m?2rc cra2_2r

d3.1_m3rr2rr birad_1r

d3.2_m3ff2rc bera3_2f

d3.2_m3fc2rc n/a

d3.2_m3rr2rc bera3_2r

d3.3_m3rc2rc crad_3r

Table 5: Scenarios (designs and models) supported in PUMP.

Param Description

ES,, average treatment impact in effect size units

ICCs,, | level 3 (district) intraclass correlation

W3 m ratio of variation of district average impacts to district intercepts

Rg’m percent of district variation explained by level 3 (district) covariates
Vkm

ICCsy,,, | level 2 (school) intraclass correlation

W m ratio of variation of school average impacts to school intercepts

R%}m percent of school variation explained by level 2 (school) covariates
Xjkm

R:, percent of individual variation explained by level 1 (individual) co-
variates Cjjkm

Table 6: Control parameters.

Using the simplifying assumptions of single, centered, covariates are without real loss of general-
ity. Expressing scenarios in terms of the overall parameters such as the R? measures allows for
representing our models in this massively simplified way. Thus, in the package itself and in our
explanation of the Scenarios in Section [2 we explicitly allow for the models to contain multiple and
arbitrary covariates. For using the power formula that derive from the simpler models, researchers
simply input total R? and ICC values that include the full explanatory power of all covariates for
a given level. The results will be equivalent.

Effect size. The first control parameter, the effect size, is defined as the average treatment effect
divided by the total control variation:

ATE,, ATE,,
ES,, = : (7)

~ /Var(Yimm(0)) \/(531 +92) 4 (62, + 05 ,n) + (16 + 02,)

Remember that the definition of the ATE changes depending on the model: for three-level models
it corresponds to the average district treatment effect = ,,,, for two-level models the average school
treatment effect v ,,,, and for one-level models the average student treatment effect 6 ,,.

8



Note. We can also define the effect size in terms of the level one treatment and control means. We
can define the following quantities:

Com = an Z Z Z Yijm (0 (8)

k=1 j=1 n=1
1
HTm = K—MZZZY;]Ifm(l) (9)
k=1 j=1 n=1
Then, the effect size is
ES,, = —Lm —_Hicm (10)
Var(Yijrm(0))

The equivalence between pig,, — ptc,m and ATE,, holds because we assume independence between
sample size and any treatment impact heterogeneity (e.g., we don’t have a setting where larger
schools have a systematically different treatment impact size from smaller schools).

ICC. The ICCs are unconditional Intraclass Correlations, meaning they include the variation
explained by covariates. Because we assume all covariates are group-mean centered and have unit
variance, we get the pairing structure of terms in the equations below.

1CC,, = Var (o gm) _ &+ Mo (11)
" Var(Yijen(0)) (&2 + 03 m) + (0% + 75,m) + (V2 + 0%)

1CC,, = Var(o jkm | Yo km) _ Oy & Torm . (12)
" Var(Yijrm(0)) (&2 + Mo.m) + (02, + 76.) + (42, + 02)

2 and &2 represent the total predictive power of the covariates at
each level. The tighter the coupling of a covariate and outcome, the more the overall outcome
variation will be due to that covariate. For the multiple-covariate version, replace those terms with,
e.g., Var(y,,Cijkm). The second term of each pair is due the variation in the intercepts themselves:
this is variation not explainable by the covariates in the data.

The squared coefficients 2, 62

Impact variation. The quantity w is the ratio between the variation in average impact of a unit
and the variation in the control-side mean of a unit.

Var(wl km.) Mo
wa = =m 13
5 Var(% k) Em + 10m "
VCLT(@ 1,5km | ¢1 k:m) Tl2m
- , N T 14
w2, — Var(8o jkm | Yo xm) O & Tom .



Covariate-outcome relationships. The R? expressions are the percent of variation at a par-
ticular level predicted by covariates. The group-mean centering makes these formulae only involve
covariates at the same level as the R?; this again is a simplification of convenience. The standard
error formula for the models in the remainder of the document are general, however, and a user
would not need to group-mean center or rescale any covariate in practice.

VCW’(IUO km) ?7(2)m
R;,, =1—- ———"% =1 - 55— 15
> Var(qu)(],km) 5%1 + Ug,m ( )
VCLT(U() km) Tgm
R, =1- . =1- 5" 16
2,m V(IT(QOJ‘km | Dzd) (531 + T&m ( )
Var(riigm) o2
RI =1- d =1-—-—2 17
b = Vg 0) | i, D) 2tk 1"

1.6 Power estimation strategy

The same strategy is followed for all designs. First, we lay out a model for our outcomes, Yjxm.
Next, we calculate the standard error of the average treatment effect estimate. When expressing
the estimated treatment effect as an effect size, the standard error is given by:

Q,, = SE (E\Sm) — SE (%) - %RWLSE <KTT3m) . (18)

The standard error formulae are derived assuming there is no treatment variation other than that
explicitly captured by the model; in general, if there is additional variation then this could induce
heteroskedasticity which could impact power and, in principle, validity. This could come up if
different models for the same design are being compared, e.g., for d2.1 designs, if the m2fc model
is being compared to the m2fr model, with the first assuming the same impact across sites and the
second heterogeneous impacts across sites. Unless impact heterogeneity is substantial, however, the
standard error formula will be essentially correct; we recommend ignoring this potential source of
approximation error in the course of conducting power analyses.

When analyzing actual data, we would, to estimate @,,, plug in known values for T, J, and 7.
Any other parameters would be replaced by sample estimates. Then, when testing the m! null
hypothesis, ES,, = 0, the test statistic for a ¢t-test is given by

ES.,

m

When the null is true, t,, follows a t distribution with mean 0 and degrees of freedom df,,, which
depends on the design and model.

For power calculations we calculate, given our assumptions on the design and selected model, a
reasonable value for @),,,. We can then calculate the power to detect an impact expressed in effect
size units.

From the power formulae, we can also calculate MDES and sample size requirements. From |Dong
and Maynard (2013)), in general the MDES can be estimated as

10



SE

MDES = MT, x ,
7 /VAR

(20)

where MTg is known as the multiplier and is the sum of two ¢ statistics based on degrees of freedom
df . For one-tailed tests, MTy = t,+1t:_s where « is the type I error rate and f3 is the desired power.
For two-tailed tests, MTy = to/2 + t1_g. For more details, see Dong and Maynard, (2013, page 31)
or Bloom! (2006, page 22). Manipulating this expression then results in sample size formulae.

A note on effect sizes. In describing the standard error of our estimators in terms of effect size,
we need to carefully identify what we mean by an “effect size.” We commonly think of an effect
size as the size of an impact relative to some reference amount of variation. If the reference amount
of variation is different, then the effect size, for the same absolute effect, will also be different. This
concern of what the denominator should be can create some tension regarding some of the power
formula.

In a 2 level design, “one might define the effect size in terms of a standard deviation based on
the variance between level 1 units, o, the variance between level 2 units, o3, or the total variance
0?2 + 02" (Spybrook et al. 2014a)). We follow the definition of using the total variance over all levels

in the denominator, which is made explicit in Equation [7]

This is most obviously a concern with fixed effect regression. In particular, relative to overall
variation, if we increase the ICC at level 2 or level 3, then there is less variation (relative to the
reference variation) in level 1; thus an increased ICC will increase power for fixed effect regression.
This is simply the realized gains of a blocked experiment. If the effect size is calculated relative to
within-group variation, however, this gain would not be seen.

Defining effect size, i.e., the reference variation, is not consistent across all power calculators, as is
discussed in, for example, Spybrook et al.| (2014b). It can even differ within the same calculator;
the PowerUp! framework, for example, includes between cluster variation for random effects models
and does not for fixed effect equivalents. Similarly, OD Plus defines effect size differently for cluster
randomized designs (where it includes between-cluster variation) and randomized block designs
(where it uses only within-block residual variation); see Tables 2 and 3 in [Spybrook et al.| (2014b)).
We try to keep the models aligned by always using the same reference variation of overall or total
variation.

An alternate approach for aligning fixed vs. random effect models is to include variance explained
by the fixed effects in the R? measure; for example, if there is substantial district variation, this
can be captured with a higher level two R2, if we consider the district ids of schools as level two
covariates. To make our formula more directly comparable, we do not take this route, but one can
use our package and obtain the same results by selecting an appropriate R? and then setting the
next higher level ICC to 0.

Required user-provided values. In the above sections, we have defined a large number of
quantities, including latent, observed, and control quantities. We summarize all of the quantities
that the user needs to specify in order to estimate power:

e Minimum detectable effect size (MDES) for each outcome.

11



Sample sizes at each level (n, J, K).

ICC values at each level for each outcome.

R? values at each level for each outcome.
e w values at each level for each outcome.
e Number of covariates at each level.

These parameters are also summarized in Table 3 in the main text.

12



2 Scenarios

2.1 d1.1 designs: 1 level, randomization at level 1

This is the classic individually randomized experiment where we allocate some fraction of a single
set of units to treatment.

The randomization scheme is simple random sampling:

T.x <- randomizr::simple_ra(N = nbar, prob = Tbar)

2.1.1 Constant effects (d1.1_mlc)

PowerUp! name. Not applicable.

Design. 1-level design, randomization at level 1

Model. constant intercepts, constant treatment effects, no school or district covariates.
The model for estimating impacts on outcome m is given by:

gi,m

Yijkm = 01T + 00 jkem + Z VmpClijkmp + Tijhm- (21)
p=1

Standard error. The standard error of the treatment effect estimate is:

Degrees of freedom. The degrees of freedom are given by:

dfy =7 — grm — 1. (23)

Sample size formula. The sample size formulae are:

- (amis) (75 .

Code syntax. The R model is:
Yobs "1 + T.x + C.ijk

13



2.2 d2.1 designs: 2 levels, randomization at level 1

This section of designs comprise what are usually referred to as multisite experiments. In a multisite
experiment, we have a collection of sites (here, schools) and are able to randomize the individuals
within each site into treatment and control. This allows for estimating an average impact for each
site, in principle. That being said, we are usually interested in estimating some overall summary
of impacts across all our sites. These are also called blocked experiments, especially if the sites are
viewed as fixed.

Critically, there are four different estimands we might consider: the average impact for persons vs.
impact for sites, and the average impact of the sample we have (often referred to as finite-population)
vs. the average impact of the population where the sample came from (often referred to as the super-
population). When sites are equal sized, a common assumption for power calculations, the site and
person average will be the same. We therefore ignore it here. For finite- vs. super-population, we
have to be more careful. Some estimation strategies target a finite-population estimand. In this
document, the ones that do are d2.1_m2fc and d2.1 . m2ff. The d2.1_m2fc estimation strategy does
because it assumes a constant treatment impact; given this assumption, there is no uncertainty due
to the sample itself as all samples have the same average impact by assumption. The d2.1_m2ff
estimation strategy allows each school to have an individually estimated impact, but due to using
fixed effects rather than random, it is evaluating the sample at hand. See |[Miratrix et al.| (2021))
for further, in-depth, discussion. Estimators that target the super-population need to take any
uncertainty of the sample being representative of the super-population into account. Here, the one
that does this is d2.1_m2fr, with a model of each school having an average impact drawn from some
random distribution.

Regardless of the model used to analyze these data, the randomization scheme is the same. It is
simple random sampling within each school, with proportion 7" units assigned to treatment in each
school. In R, we could randomize this way as so:

T.x <- randomizr::block_ra( S.id, prob = Tbar )

2.2.1 Constant effects (d2.1_m2fc, or RICC)

PowerUp! name. bira2_lc

Design. 2-level design, randomization at level 1 (blocked).

Model. fixed intercepts, constant treatment effect, no school covariates.

When we assume constant effects, each school has its own fixed intercept for the control outcome,
and the treatment effect is modeled as constant across schools. We can also call this a fixed
effects, constant treatment coefficient model, or RICC (Miratrix et al., [2021). This model allows
some schools to have higher average outcomes than others (allowed for with the fixed effects), but
assumes the treatment impact is the same.

The model for estimating impacts on outcome m is given by:

gi,m

Yijkm = Vi,mTijr + 0o jkm + Z YnpClijkmp + Tijiem (25)
p=1

00,jkm = V0,km + U0 jkm-
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Reduced form. The reduced form is:

gi,m
Yijkm = U1mTiji + Yo pm + Z YrrpCijkmp + U0 jkm + Tijkm, (26)
p=1
and distributions:
Tijlem ~~ N (0, 072”) . (27)

Standard error. The standard error is given by:

1 —ICCy,,)(1 — R?
o JO1CC0 R, o
T(1-T)Jn
See below for important details on this specific formula, and how it differs from PowerUp!
Degrees of freedom. The degrees of freedom are given by:
df,, =Jn—-gi;m —J — L. (29)

Parameter assumptions. The constant effects model means that we assume no treatment vari-
ation across our sites, i.e.,:

® wy, =0.

PowerUp! Differences. PowerUp! assumes there is no ICCy ,, term (i.e., it assumes ICCy,, = 0)
while we allow for it. This can be viewed as within (PowerUp!) vs. overall (this work) effect size
metrics. We discuss this more next.

Sample size formulae. The sample size formulae are:

S ( MT 4 )2 ((1 —ICCy,,) (1 — Rim)) (30)

MDES AaT(1—T)
_(MTy \* (1= ICCy)(L - RE,)
"= <MDEd:fS> ( JT(1—T) ) ' (31)

Code syntax. The R model is:
Yobs ©~ 0 + T.x + C.ijk + S.id

The 0 coupled with the S.id gives each school an independently estimated intercept rather than
selecting one school as a reference category; the overall mean parameter v i, is thus left implicit in
the R call. One could estimate it by averaging the individual fixed effect coefficients for the dummy
variables generated by S.id.
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Remark on effect sizes. The standard error of the treatment effect estimate not in effect size
units is (this taken from the PowerUp! documentation):

1

SE(ATE,,) = AT o (32)

To convert this to an effect size, we need to scale by overall variation. Unfortunately, under a
fixed effect model, there is no natural way to express this as we have not parameterized how the
individual site intercepts, the do jxm, vary. PowerUp! therefore indexes by within group variation,
which is

0.2

Var(Yijem(0)|Sia) = ﬁ,

using the formula for R}, of

0.2

RQm — 1 . m
b Var( wkm( )|Szd)

The above expression captures the predictive power of our individual-level covariates on the out-
comes within a given school. If we divide the above SE (AT E,,) formula by \/ 2/(1—=R3,,) we

get the reported standard error formula for @,, of

0. 1-R;,
"N Ta-1)Jn’

with the tilde denoting that these effect size units are in terms of within-school variation. Equiva-
lently, this formula assumes the blocks (schools) are all homogeneous, which both goes counter to
the design principles of blocking and also is known to generally not hold when evaluating schools.
If we want the more classic effect size indexed by overall variation, we need to go further.

Assume we have an ICCs,,, an assumed measure of how much overall (control-side) variation is at

the school level:
Var(Yijrm(0)|Sia))
VCW(Y;ka(O))

This ICC is even defined for a finite sample, if we view the above as comparing the empiri-
cal (pooled) within-group variation to full variation. Rearranging this gives Var(Yrm(0)) =

VGT( zgkm( )|Szd)/(1 — ICCQJH)
We can then plug this and the Rim formula together to get

ICCypm =1 —

o2 1

Var(Yiikm(0)) = . .
(Y (0)) 1-R?, 1-1ICCyy,

If we use this expression to scale our SE formula, we obtain our formula listed above.
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2.2.2 Fixed effects (d2.1_m2ff)

PowerUp! name. bira2_1f

Design. 2-level design, randomization at level 1 (blocked).

Model. fixed intercepts, fixed treatment effects, no school covariates.

The constant effects model assumes treatment is the same for each block. If it is not, and the blocks
are different sizes or have different proportions of units treated, the constant effects estimator is
precision-weighted and can thus be biased. Some may instead choose to allow each school to have
its own estimated impact, with a second averaging step where we calculate an overall site-average
of the site specific impact estimates.

We do this by interacting our site fixed effects with treatment. Now each school has its own fixed
intercept for the control outcome, and each school also has its own fixed coefficient for the treatment
effect. We can also call this a fixed effects with interactions model (Miratrix et al., 2021).

In practice, the power calculations for this model will be the same as for constant effects, unless we
allow for block size variation or variable proportion treated.

The model for estimating impacts on outcome m is given by:

9gim
Yiikm = 01 jkmLijr + 00 jkm + Z VmpClijkmp + Tijlem (33)
p=1
00,jkm = Y0,km + U0 jkm
01 jkm = V1 km + U1 jkm,
and distributions:
Tijkm ™~ N (O, 0-7%1) . (34)
Reduced form. The reduced form is:
gi,m
Yiiem = (V1km + w1 jkm) Tijk + Yom + Z YmpClijrmp + o jkm + Tijkm.- (35)
p=1

Standard error. The standard error of the treatment effect estimate (and therefore the sample
size formula) are all the same as in the constant effects model, i.e. for SE we have:

(1 —1CCa)(1 — R2,,)
Om = \/ TA-T)Jn

(36)

Degrees of freedom. However, the degrees of freedom are different due to the additional interac-
tion terms we need to estimate:

df,, = Jn — g1m — 2J. (37)
PowerUp! Differences. Just as with the constant model, PowerUp! assumes there is no ICCy,,

term while we allow for it. This can be viewed as within (PowerUp!) vs. overall (this work) effect
size metrics; see the discussion at the end of the constant effects model, above, for more detail.
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Sample size formula. The sample size formulae are:

S < MTy )2 ((1 —ICCy,n)(1 - Rim)> (38)

MDES aT(1—1T)
. MTy \? /(1 —1CCs,,) (1 — R2,,)
"= (MDEde> ( JT(1—-T) ) ‘ (39)

Code syntax. The R model is:
Yobs " 0 + T.x:8.id - T.x + C.ijk

The ‘- T.x’ term forces a separate impact estimate for each school (which come from the interaction
term of T.x:S.id). Neither ¢y, or 1y, are explicitly estimated; you would obtain estimates by
averaging the corresponding individual estimates. If schools are different sizes, different weighting
choices are possible here (see, again, Miratrix et al. (2021))). Standard error estimates are also
obtained by aggregating the squared standard error estimates for the individual schools.
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2.2.3 Random effects (d2.1_m2fr and d2.1_m2rr, or FIRC and RIRC)
PowerUp! name. bira2_1r
Design. 2-level design, randomization at level 1 (blocked).

Model. random intercepts, random treatment effect, school covariates for intercept. PowerUp!
also includes interaction terms of treatment and school covariates to allow for modeling treatment
effect heterogeneity; we do not include this.

If we are interested in generalizing from our sample to a super-population, we may wish to view
the sample of schools themselves as representative of something larger. Then, if some schools have
different average impacts than other schools, we have to account for the possibility that our sample
of schools has an overall average impact different from the target population. We can account for
this additional uncertainty with a random effects model that has a random effect for the school-level
average impacts.

The classic random effects model gives each school both a random intercept for the control average
outcome (the intercept), and a random coefficient for the treatment effect. This is also known as
the RIRC model: random intercept, random coefficient. Recently, researchers also use a variant of
this model, the Fixed Intercept, Random Coefficient (FIRC) model to account for concerns such as
varying proportions of units treated in different schoolsP| For power calculations, FIRC and RIRC
have the same performance (they are also similar in practice; see Miratrix et al. (2021)).

For RIRC, the model for estimating impacts on outcome m is given by:

gi,m
Yiikm = 01 jkmLijr + 600 jkm + Z YmpClijlemp + Tijlem (40)
p=1
g2,m
eo,jkm = w07km + Z 5merkmr + Uo,jkm
r=1

el,jkm = kam + U1, jkm.,

and random effect and residual distributions of:

2
U0, jkm N 0 TO,m H%mTO,mTl,m
U1, jkm KymT1,mT0,m Tlvm

Tijlem ™~ N (0,0’?n) .

For FIRC, we only have the random effects model on the u; jin,, and have fixed effects for the ug_jim,.
For RIRC, we assume bivariate Normal effects with variances 73, and 77, and correlation s, .
The correlation structure ., does not heavily impact the distribution of the final test statistic.

Reduced form. The reduced form is:

Yijem = (U1 km + 1 jkm) Tiji + Vo km (42)

9g2,m 9gim

+ Z 5m7‘Xjkm7‘ + Z ’Ympoijkmp + U0, jkm + Tijlm-
r=1

p=1

2For fitting this model in R, see https://cares-blog.gse.harvard.edu/post/fitting-firc/.
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Standard error. The standard error of the treatment effect estimate is given by:

1 —ICCy,,)(1 — R?
Qm _ \/ICCQ’mWQ’m ( 2, )( 1,m). (43)

J T(1-T)Jn

Note that this formula is simply the formula for d2.1_m2fc with an additional term of ICCy y,wa /J.
The new term captures the additional uncertainty from extrapolating from our sample to the super-
population. @), with this model, therefore, will be larger than the prior models to the extent that
the schools differ in terms of their impact variation (the ICCs ,,ws,, term is simply the variation in
the random impact terms scaled by our overall variation).

Degrees of freedom. The degrees of freedom are given by:

dfy = J — grm — 1. (44)

PowerUp! Differences. PowerUp! assumes that school and district covariates also influence the

treatment impact:
g2,m

el,jkm = ¢1,k’m + E ¢merkm7“ + U jkem-

r=1

We do not make this assumption. The result of this is that we assume, in their notation, that
R%, = 0, where R2, is the percent of treatment variation explained by level 2 covariates. This
assumption affects the first term in the standard error formula.

Sample size formula. The sample size formulae are:

[ MTy4 \* (1 —ICCy,)(1 — R2,,)

- (1 —1CCy,)(1 — R2,) | o)

— _ 2
7(1-1) (7 (YRES)" - 10Ca i

Code syntax. The R model is, for RIRC:

Yobs " 1 + T.x + X.jk + C.ijk + (1 + T.x | S.id)

For FIRC it is:

Yobs © 0 + T.x + X.jk + C.ijk + S.id + (0 + T.x | S.id)
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2.3 d2.2 designs: 2 levels, randomization at level 2

These are commonly called cluster randomized experiments, with the schools being the clusters.

The randomization scheme is a simple random sample of J7T schools assigned to treatment:

T.x <- randomizr::cluster_ra( S.id, prob = Tbar )

2.3.1 Random effects (d2.2_m2rc)
PowerUp! name. cra2 2r

Design. 2-level design, randomization at level 2 (clusters).

Model. random intercepts, constant treatment effect for all schools, school covariates for intercept.

The model for estimating impacts on outcome m is given by:

gi,m
Y;jkm = QO,jk’m + E ’Ympcijkmp + Tijkm
p=1
9g2,m

90,jkm = ¢O,km + el,mj—‘jk + Z 5m7’Xjka + UQ,jkm

r=1
and distributions:

U0, jkm ™~ N (07 Tg,m)

Tijkm ~~ N (O,O'TQn) .

Reduced form. The reduced form is:

g2,m gim

Y;jkm - el,mT}k + wO,km + Z 6merkmr + Z "Ympcijkmp + U0, jkm + Tijkm-

r=1 p=1

Standard error. The standard error of the treatment effect estimate is given by:

~ [ICCom(1 - R3,) | (1-1CCy)(1 — RY,)
Qm = T(1-T)J T(1-T)Jn

Degrees of freedom. The degrees of freedom are given by:

dfm = J—ng — 2.

(47)

(48)

(49)

(50)

(51)

Parameter assumptions. The constant effects model means that we assume no treatment vari-

ation across our sites, i.e.:

® wy, =0.
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Sample size formula. The sample size formulae are:

S _ ( Mty ? (AICCom(1 — R3,,) + (1 —ICCy,n)(1 — R2,)
~ \MDES T(1—T)n
(1 - ICC2,m)<1 - R%,m)

_ _ 2
T(1—1T)J (%DTES) —ICCyon(1 — R3,,).

n =

Code syntax. The R model is:
Yobs ~ 1 + T.x + X.jk + C.ijk + (1 | S.id)
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2.4 d3.1 designs: 3 levels, randomization at level 1

In these designs we have schools nested in districts, and students nested in schools. The only
difference here, as compared to blocked individual randomization with two levels, is the third level
of district. Since we are randomizing at the student level, this will only impact how we think about
where variation is in terms of our effect size units.

In this context, if we are interested in the finite-sample impacts, other than for calculating our
reference variation for effect sizes, the districts do not matter. We can simply use the prior two
level fixed effect designs if we lump district variation into the ICC,,, terms. In particular, one
could use d2.1_.m2ff or d2.1_.m2fc for the three level case by just entering ICC,,, + ICCj;,, in for
ICCy,y,. In fact, we cannot have district random or fixed effects given school-level fixed effects due
to collinearity.

For superpopulation impacts, we can either view the districts and schools as random draws, or the
districts as fixed, with schools randomly drawn within them. This gives the two models discussed
below.

Regardless, the randomization scheme is: simple random sampling occurs within each school, with
proportion 7T units assigned to treatment in each school.

T.x <- randomizr::block_ra( S.id, prob = Tbar )

2.4.1 Random effects (d3.1_m3rr2rr)
PowerUp! name. bira3_1r
Design. 3-level design, randomization at level 1 (blocked).

Model. random intercepts for district, random treatment effects for district, random intercepts
for school, random effects for schools, school and district covariates for intercepts. PowerUp! also
allows for school and district covariates for cross-site impact heterogeneity.

The model for estimating impacts on outcome m is given by:

gi,m
Yijkm = 01 jkmLijr + 00 jkm + E VmpClijkemp + Tijlem (54)
p=1
g2,m
GO,jkm = wo,km + E 5merkmr + Uo,jkm
r=1
01 jkm = V1 km + U1 jkm
g3m
wO,km = Z0,m + E fms‘/kms + Wo,km
s=1
V1 km = Zim + Wi km,
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and distributions:
Wo,km 0
() N((o

UQ,jkm

U1, jkm

Tijkm ™~ N 0, g,

< 770 m ’@'%mno,mﬁl,m) )
mmnl mTo,m n%,m

i
7-0 m RmmTomT1,m (55)
2
mmT1 mT0,m 7-l,m
2
m .

o O

Reduced form. The reduced form is:

Yiiem = (Z1,jkm + Wi km + 1 jkm) Tijk + Z0km (56)

93,m 92,m 9g1,m

+ Z gms‘/kms + Z 5m'rX]km'r + Z ’Ymp ijkmp

p_

+ Wo,km + U, jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

ICCs,mwsm  1CCymwem (1 —1CCy,, —ICCs,,)(1 — R2
O, = 3,mW3, 4 2,mW2, i ( 2,_ ~ 3, )E 1, ) (57)
K JK T(1-T)JKn
Degrees of freedom. The degrees of freedom are given by:
df,, = K — 1. (58)

This is a very conservative degrees of freedom.

PowerUp! Differences. Similar to the two-level blocked model, in PowerUp! they further
assume that school and district covariates also influence the treatment impact:

g2,m
gl,jkm = ¢1,km + E querkmr + U1, 5km
r=1
93m
wl,km = El,m + E Cmrvkms + W1, km s
s=1

but we do not make this assumption. In PowerUp! terms, we assume R3, = 0 and R3; = 0. The
interaction terms change the degrees of freedom from df,, = K — g3, — 1 to df,,, = K — 1.

Sample size formula. The sample size formulae are:

. MTdf ? ICC2,mw2,m (1 - ICCZm - ICC37m)(1 - R%,m)
- (MDES) (ICCSmw3m+ g T —T)Jn

1 —1CCy,, — ICC3,,)(1 — R? )+ T(1 — T)AlCCs mws.m
J:( 2, 3, )( 1,m) ( n 2,mW2, (60)

_ _ 2
T(1—T)a (K (%DT%% - ICCg,,mwg,m>

(1 —1CCayn — ICC3,)(1 — RE,)

_ _ 2 )
T(1—T) (JK (MDES) — JICCy s — ICCQ,mwg,m>
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Code syntax. The R model is:

Yobs 1 + T.x + V.k + X.jk + C.ijk + (1 + T.x | S.id) + (1 + T.x | D.id)

2.4.2 Fixed district effects (d3.1_m3ff2rr)
PowerUp! name. None.
Design. 3-level design, randomization at level 1 (blocked).

Model. fixed intercepts and treatment effects for district, random intercepts and treatment effects
for schools, school covariates for intercepts, individual covariates.

The model for estimating impacts on outcome m is a mild tweak of the prior model-we just replace
the random terms at level 3 with fixed effects:

gi,m
Yiikm = 01 jkmLijr + 00 jkm + Z VmpClijkemp + Tijlem (62)
p=1
g2,m
eo,jkm = wo,km + Z 5merkmr + Uo,jkm
r=1

el,jkm = wl,km + U1, 5km
77Z)0,k:m = Z0,m + Wo,km

V1gm = Zim + Wi km,

2 u
UQ. ik 0 T, Ko T0.mT1,
Jrmoy N 7 u 0,m mm 2m m (63)
U1, jkm 0 KymT1,mT0,m Tim

Tijkem N (0,031) .

and distributions:

Reduced form. The reduced form is:

Yiiem = (Z1,jkm + Wi km + 1 jkm) Tijk + Z0km (64)
g2,m gim

-+ Z (Smerkmr + Z ”YmpCijkmp
r=1 p=1

+ Wo,km + Uo jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

ICCy wam 1 —1CCy,, — ICC3,,)(1 — R? .
JK T(1-T)JKn
Degrees of freedom. The degrees of freedom are given by:
df,, = JK — K — 1. (66)
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Sample size formula. The sample size formulae are:

. MTdf ? ICCQ,mWZ,m (1 - ICCZW’L - ICC37m>(]‘ - R%,m)
k= (MDES) ( J * T(1-T)Jn (67)
2 1 —1CCy,, — ICC;3,,)(1 — R?
J = MTdf ICCQ,mWQ,m + ( 2, " - 3, 2( l,m) (68)
MDES K T(1-T)Kn
1 —-1CCsy,, —ICCs,,)(1 — R?
7= ( 2, 3, )( 1,m) (69)

_ _ 2 )
T(1-T) (JK (MDES> - ICCQ,mWZm)

Code syntax. The R model is:
Yobs © 0 + T.x:D.id - T.x + X.jk + C.ijk + D.id + (1 + T.x | S.id)

As with the other models with fixed effects interacted with treatment, the individual district-level
impact estimates would then be averaged to get the overall impact estimate.

26



2.5 d3.2 designs: 3 levels, randomization at level 2

These are commonly called blocked, cluster-randomized experiments. You find these if, for example,
schools are randomized within a set of districts, or teachers are randomized within a set of schools
(with students as outcomes in both cases).

The randomization scheme is: simple random sampling occurs within each district, with J7T schools
assigned to treatment in each district. In R we have:

T.x <- randomizr::block_and_cluster_ra( blocks = D.id, clusters = S.id, prob = Tbar )

2.5.1 Constant effects (d3.2_m3fc2rc)
PowerUp! name. None.
Design. 3-level design, randomization at level 2 (blocked cluster).

Model. fixed intercepts for districts, constant treatment effect for districts, random intercepts for
schools, constant effects for schools within a district, school covariates for intercept.
The model for estimating impacts on outcome m is given by:

gi,m

Y;jkm = 907jkm + Z ’Ympcijkmp + Tijkm (70)
p=1
g2,m

QO,jkm = ¢O,km + El,mirjk: + E 5merkmr + U0, jkm
r=1

77ZJO,lcm = Z0,m + Wo,km s

and distributions:

U, jkm ™~ N (0, T[)Z,m) (71)
Tijkm ™~ N (0,0’31) .
Reduced form. The reduced form is:
g2,m gim
}/;jkm = E1,mT'jk: + EO,m + Z 6merkmr + Z P)/mpcijkmp (72)
r=1 p=1

+ Wo,km + Yo jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

o, _ \/1002,m(1 —RZ ) (1—1CCy,, —ICCy)(1 — R2. )

Ta-T)JK TA—T)JKn (73)

Degrees of freedom. The degrees of freedom are given by:

= K(J = 1) — gom. (74)

Parameter assumptions. This model assumes no variation of impacts between schools, and no
variation at the district level:
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® wy, =0.

® w3, =0.

Sample size formula. The sample size formulae are:

2 /1CCym(1 — R2 1 —1CCy,, — ICC3,,)(1 — R?
K — MTdf 27 ( _ 2,m) + ( 27 i 737 _)( l,m) (75)
MDES T(1—-T)J T(1—-T)Jn
S MTy \? (1CCo,n(1 — R3,,) (1 —1CCy,, —ICCsy,,)(1 — RE,) (76)
~ \MDES T(1-T)K T(1-T)Kn

(1 —ICCqm —ICCs,)(1 — RS )

_ _ 2 :
T(1-T)JK (%%Edfs) —ICCym(1 - R3,,)

3
I
—
\]
\]
S—

Code syntax. The R model is:
Yobs © 0 + T.x + X.jk + C.ijk + D.id + (1 | S.id)
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2.5.2 District fixed effects interacted with treatment (d3.2_m3ff2rc)
PowerUp! name. bcra3 2f
Design. 3-level design, randomization at level 2 (blocked cluster).

Model. fixed intercepts for districts, fixed treatment effects for districts, random intercepts for
schools, constant effects for schools within a district, school covariates for intercept.

This model allows for treatment variation at the district level, resulting in K district-specific impact
estimates. The model is given by:

gi,m
}/ijkm = eo,jkm + E 'Ympcijkmp + Tijkm (78)
p=1
92,m
QO,jkm = w(],km + wl,kmfrjk + E 5merkmr + Uo,jkm
r=1
¢O,km - EO,m + Wo,km
wl,km = S1m + W1, km s
and distributions:
2
o jem ~ N (0, 75,,) (79)

Tijkem N (0, 0'7271) .

Note that both wq km and wy g, are fixed effects with no distribution placed on them. The random
effect version of this model comes next.

Reduced form. The reduced form is:

g2,m gi,m
Y;'jk:m - (El,m + wl,km) T’]k + EO,m + Z 5m7°Xjkm7“ + Z ')/mpcijk:mp (80)
r=1 p=1

+ Wo,km + Yo,jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

. ICCQ,m(l - R%,m) + (1 - ICCQ,m - ICC?,,m)(l - R%,m) (81
" T(1-T)JK T(1—T)JKn ‘ )

Degrees of freedom. The degrees of freedom are given by:
df,, = K(J —2) — gam. (82)

Parameter assumptions. This model assumes no variation of impacts between schools within a
district:

® wy, =0.

29



PowerUp! Differences. The PowerUp! formula assumes ICCs,, = 0. This assumption is
equivalent to measuring effect size relative to within-district variation as compared to total variation.

Sample size formula. The sample size formulae are:

K ( MTy )2 (ICC%m(l - R3,.) (1-— ICCM_ — Icqg,m)(l — Rim)) (83)
MDES T(1—T)J T(1—T)Jn
L AIOC (1 - R3,)+ (1 -1CCyy, — ICZCs,,m)(l - R’i,) (84)
aT(1 - TVK (%Lﬁs)
7 = (1 - ICC2,m - ICS:Z,m)(l o R%,m) ' (85)
T -1k (§EB) - 1000 - 1,

Code syntax. The R model is:
Yobs " 0 + T.x * D.id - T.x + X.jk + C.ijk + (1 | S.id)

The overall treatment effect is calculated as the average of the T.x interaction terms. The standard
error is calculated as the square root of a weighted sum of the district-specific standard errors
squared. When districts are unequal in size, one has different choices as to how to weight these
averages.
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2.5.3 Random effects (d3.2_m3rr2rc)
PowerUp! name. bcra3 2r
Design. 3-level design, randomization at level 2 (blocked cluster).

Model. random intercepts for districts, random treatment effect for districts, random intercepts
for schools, constant effects for schools within a district, school and district covariates for intercept.
PowerUp! also allows for district covariates for treatment effects.

The model for estimating impacts on outcome m is the same as that for m3ff2rc (Equation ,
except we place a distribution on the wp g, w1 km pairs and allow for covariates at level three. This
gives:

gi,m
Yijkm = 0o, jkm + E YrrpClijemp + Tijlem (86)
p=1
g2,m
00,jkm = wO,km + wl,kmﬂk + E 6merkmr + UQ, jkm
r=1
93,m
wo,km - EO,m + E gmsvkms + Wo,km
s=1
wl,km = El,m + W1,km
and distributions:
2
o jkm ~ N (0,73 1) (87)

Wokm \ _, N7 0 U%,m Fmm110,m11,m
W1,km 07 \ EmmM mNo.m U%,m

Tijlem ~~ N (0,0'zn) .

Reduced form. The reduced form is:

Y:ijkm - (El,m + wl,km) ,Ivjk + E:O,m (88)
9g3m 9g2,m 9gim
+ Z gms‘/kms + Z 5merkmr + Z /Ympcijkmp
s=1 r=1 p=1

+ Wo,km + U0 jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

\/ ICCymwsm  10Co (1= R3,) (1 —1CCy,, —1CCy,,)(1 — R2,)

B i ml(89)

O = K T(1-T)JK T(1-T)JKn

Degrees of freedom. The degrees of freedom are given by:

df, = K — 1. (90)

Parameter assumptions. This model assumes no variation of impacts between schools within a
district:

® wy, =0.
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PowerUp! Differences. Similar to other blocked models model, PowerUp! further assumes that
district covariates also influence the treatment impact:

g3m

¢1,km = El,m + Z Cmr‘/kms + W1, km -

s=1

We do not make this assumption. In PowerUp! terms, we assume R3; = 0. This also impacts our
degrees of freedom formula, which is df,, = K — 1 instead of df,, = K — g3, — 1.

Sample size formula. The sample size formulae are:

2 ICCy,n(1 — R2 1 —1ICCy,, — ICC5,,)(1 — R?
_ (MTdf) (ICC?,,mWJ—i‘ 2, ( 2,m) ( 2, 3, )( l,m)) (91)

MDES -7 T(1—T)Jn
AICCym(1 — R2,) + (1 — ICCy,, — ICCy0)(1 — R?
J— n 2m( 2,m> ( 82,2 3:m) ( 1,m) (92)
- MDES)?
aT(1—T) (K( Vewr ) Iccg,ma@,)

1 —ICCy,, — ICCs,,,)(1 — R?
— ( 27 3: )( 1,m> ) (93)

_ _ 2
T(1—1T)J <K (%]?fﬁd?fs) - Iccg,mw3,m> —1CCy (1 — R2,,)

3

Code syntax. The R model is:
Yobs " 1 + T.x + V.k + X.jk + C.ijk + (1 | S.id) + (1 + T.x | D.id)
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2.6 d3.3 designs: 3 levels, randomization at level 3

These designs have randomization at the top level. They are cluster randomized, but we can model
the nesting structure within cluster. Because randomization is at the top level, we cannot have
random or fixed effects for district impacts or school impacts, restricting the models possible for
this design.

The randomization scheme is: simple random sampling occurs across districts, with KT districts
assigned to treatment.

T.x <- randomizr::cluster_ra( D.id, prob = Tbar )

2.6.1 Random effects (d3.3_m3rc2rc)
PowerUp! name. cra3_3r
Design. 3-level design, randomization at level 3 (cluster).

Model. random intercepts for districts, constant treatment effects for districts, random intercepts
for schools, constant treatment effects for schools, school and district covariates for intercept.

The model for estimating impacts on outcome m is given by:

gi,m

Y;jkm = eﬂ,jkm + Z ’Ympoijk:mp + Tijkm (94)
p=1
g2,m

QO,jkm = ¢O,km + § 5m7‘Xjkmr + U, jkm

r=1
g3,m

wO,km = EO,m + E1,mjjk + E fmsv;fms + Wo,km s

s=1
and distributions:
o jtm ~ N (0,75 1) (95)
Wo,jkm ~ N <O7 778,771)
Tz’jkm ~ N (0,0’?n) .

Reduced form. The reduced form is:

g3,m g2,m gim
Yvijkm = E1,mT'k + E'0,m + Z fmsvkms + Z 5m7“Xjkmr + Z ’ympcijkmp- (96)
s=1 r=1 p=1

+ Wo,km + Yo jkm + Tijkm-

Standard error. The standard error of the treatment effect estimate is given by:

T(l—T)K7 " T(l—T)Jk i T(1-T)JKn —. (97

0. _ \/Iccg,mu —R%,) ICCym(l1—R%,) (1—ICCy,, —ICCsn)(1—R2,)
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Degrees of freedom. The degrees of freedom are given by:
dt,, = K — g3.m — 2. (98)

Parameter assumptions. The constant effects model means that we assume no treatment vari-
ation across our sites, i.e.:

® wy, =0.

o w3, =0.

Sample size formula. The sample size formulae are:

. < MTy )2 (ICCg,m(l —R3,) 1CCym(l—R;3,) (1—-ICCyp —ICCs,,)(1— Rfm))

MDES T1-T) T -T)J T(1-T)Jn

(99)

 AICCym(1 = R3,,) + (1 —1CCy,, — 1CCy,)(1 — RE,) (100)
(7 _ e (MDES)? )

7 (T(l DK ( Vewr ) — ICCs (1 — R37m))

1 = 1CCy,n — ICCy,0) (1 — R

o (100, - ICCu)0 R, | o

T(1 - T)JK (“ﬁDTES) — JICCs (1 — B2, ) — ICCom(1 — R2,)
df ’ ’

Code syntax. The R model is:
Yobs " 1 + T.x + V.k + X.jk + C.ijk + (1 | S.id) + (1 | D.id)
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3 The data generating process

We now discuss the assumed data generating process (DGP), indexed by parameters directly tied
to the structural equations we use. For simplicity, we outline a DGP that contains at most one
covariate per level. In particular, we generate, for each outcome, a single covariate with zero mean
and unit variance at each level, and then follow the full random effects model (3rr2rr). The data
generating process is done via a series of stages that are detailed below:

1. Generate the K districts by first generating covariates, then random effects.
2. Generate the K x J schools in a similar manner to districts.
3. Generate the K x J x n students, including the student-level potential outcomes.

4. Randomize the students according to the specified design, and calculate final observed out-
comes.

To use the data generator, we need to have values for all the model parameters. This involves
translating the user parameters to these model parameters; we discuss how we do this in Section [4]

For two- or one-level data, we just follow our full recipe with a single unit at the higher levels, and
with setting the higher level design parameters for variable importance and variation to 0.

3.1 Determine DGP parameters

We have already discussed most of the required parameters in Section [l However, there are a few
additional parameters required to generate data that do not directly feed into our equations for
single-outcome power or MDES. These are the correlations shown in Table [7]

The parameters used in this section need to be picked based on desired aggregate relationships
of the full data. See the next section for how to translate parameters such as ICC to the DGP
parameters

Param Description

pV Correlation matrix of district covariates V.

pro Correlation matrix of district random effects wy .

pt Correlation matrix of district impacts wj k.

K" Diagonal matrix of correlations between district random effects and
impacts, composed of entries {k¥} = Corr(wo gm, W1 km)

p~ Correlation matrix of school covariates X ;.

pe Correlation matrix of school random effects w j.

p Correlation matrix of school impacts uy jg.

K" Diagonal matrix of correlations between school random effects and
impacts, composed of entries {sl, } = Corr(ug jkm, U1, jkm)

p¢ Correlation matrix of individual covariates Cij;p.

p" Correlation matrix of individual residuals ;.

Table 7: Correlation parameters.
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3.2 Generate level 3 (district) data

3.2.1 Level 3 covariates

Each outcome has its own district-level covariate, Vi, with k =1,...,K and m = 1,..., M. For
example, district average reading and math pre-tests, used for adjusting reading and math outcomes,
respectively (in practice we might imagine adjusting each outcome with both, but in the case of
few districts this might not be a good idea due to degrees of freedom issues). We have E (V) =0
and Var(Vi,) = 1. We assume a correlation between the covariates across outcomes, so we define
p" as a M x M symmetric correlation matrix, with pl‘-; the value in row ¢ and column j.

szl 0 1 e pYM
SN : (102)
Vi 0 P 1

3.2.2 Level 3 outcomes

Let 1o km be the grand mean outcome under no treatment for district k, and ¥ i, be the grand
mean impact across schools for district k. We define them in terms of overall grand means with
district-specific offsets:

Yo km = Zom + Em Vim + Wo km (103)
¢1,km = E1,m + W1, km, (104)

where =, is the grand mean outcome under no treatment across all districts, and = ,, is the
grand mean impact across districts. Without loss of generality, we will set = ,,, = 0 for all m. =y i,
has to be set by the user.

We generate the random effects wo i, and wy gy, via a multivariate normal distribution, and then
calculate the 9y and 1y g, by plugging everything in to the above equations.

To generate the random effects, we first specify E(wp ) = 0 and Var(wo gm) = 7737,”. We then set
the pairwise correlation between wg iy, and wq gy, for outcomes m and m’ as p,° ,. We store the
full set of correlations in a correlation matrix p*° (with a 1 diagonal).

This gives our m-vectors of random district-level intercepts as multivariate normal:

2 wo
Wo k1 0 Mo.1 o PimToaTo, M

)

~N|| |, : : = N(0, Zu)- (105)

wo 2
Wo kM 0 PanMo Mo - o.M

Similarly, we have E(wi km) = 0, Var(wigm) = 13, and an M x M correlation matrix p**, giving
a distribution for the random impact residuals of N (0, ., ):

2 w1
W k1 0 U o Pivhalm
w1 2
W1 kM 0 PrniM,mMa - mm
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We also need to specify the correlation of the random intercepts with the random impacts within
each outcome. In particular, for outcome m, we want the joint distribution, (wo gm, w1 km) to be
bivariate normal with correlation &7 :

( Wo,km > ~ N |:< 0 ) ( n(2),m K%UO,mnl,m ):| (107)
W1, km 0 ’ Ii%m,m%,m n%,m ’

We can also collect the &% into a diagonal matrix K.

The three distributions above can be combined into a large 2M-dimensional multivariate gaussian
distribution:

(U)le, R ,w07kM, wl,kl, ce 7w1,l<:m) ~ MVNorm(G, Zifull)ﬂ (108)
with
w Ywe Yw
fun = ( S ) : (109)

The X, contains the intercept-impact covariances in Equation [I07], but also have other elements.
In Section [5.2] we derive these, assuming a working linear model of the individual elements. This
gives >, as

K{No1M1,1 5 (KON ERPY) Mo i
U = : : : (110)
5 (KYpyh + BYPY) o - K70, 01, M

Note how the diagonals correspond to the off-diagonal in Eq this is what gives us the proper
pairwise correlation of random intercept and random impact residual within each outcome. In most
situations, we set K = 0, so X" is a matrix of all 0.

3.3 Generate level 2 (school) data

The schools’ Xjim, 00 jkm, 01 jem are all generated in the same way the district outcomes are gener-
ated. Just as with districts, each outcome has its own school-level covariate.

As with the district-level covariates, we have E(Xjxm) = 0 and Var(Xje,) = 1, and p¥ isa M x M
symmetric correlation matrix that allows generation of the covariates.

Each school j in district k has its average outcome under no treatment 0 ji, and its average
impacts 01 jim, and they are generated by first generating all the random effects, and then plugging
everything into

00,jkm = Y0, km + OmXjkm + U0 jkm (111)
01 jkm = U1 km + U1 jkm- (112)

The (uo jkm, U1 jkm) follow a multivariate Normal structure as in Section(3.2.2L. We have Var(ug jkm) =
Tom and Var(uy jim) = 71,,. Also Cov(ugi.) = p*° and Cov(uy ) = p*. Finally, they relate to
each other with Corr(ug jkm, w1, jkm) = ki, Thus, we have a matrix X" that is constructed like £,
where X1 = Ky P Tom T m? -

We can easily convert from three-level to two-level models. If there are no districts, then ¥ gm =
Zom and Yy g = Z1,, for all k. Essentially, we set wgy, = 0, Wy, = 0, and &, = 0 for all k.
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3.4 Generate level 1 (individual) data
3.4.1 Level 1 covariates

Individuals have individual level covariates, one for each outcome Cjji,,. For example, group-mean
centered reading and math scores. We assume these are homoskedastic and have the same mean
across sites. As with previous covariates, we have E(Cjjry) = 0 and Var(Cijem) = 1, and p© is a
M x M symmetric correlation matrix.

3.4.2 Level 1 outcomes
For each outcome, the outcome model for the individual is

}/;jkm(()) = 00,jkm + YmCijkm + Tijkm (113)
Yijkm(1) = Yijkm(0) + 61ijkm, (114)

where Y;j5m(0) is potential outcome m under no treatment for individual ¢ in school j in district &,
and 0, is the unit’s individual causal effect.

We assume constant treatment effects for individuals in the same school, 8k, = 61 jkm, but this
assumption could be relaxed to allow for individual treatment-level heterogeneity.

As with previous covariates, we have E(Cjjrm) = 0 and Var(Cijpm) = 1, and p© is a M x M
symmetric correlation matrix.

Finally, individual-level residuals are distributed E(7;jkm) = 0 and Var(rije,) = 1, and p" is a
M x M symmetric correlation matrix.

3.4.3 Reduced form
Putting the levels together, we have:

Y;]km(o) = EO,m + fmvk‘m + 5mX]km + ’Vmcijkm + Wo,km + U0, jkm + Tijkm (115)
Yijem (1) = Yijrm(0) + E1m + Wi km + U1 jkm- (116)

3.5 Summary: Generating the full table of potential outcomes
1. Fork=1,... K,andm=1,... M:
(a) Generate district covariates Viyy,.
(b) Generate district residuals wo gm, and wy g,
(c) Calculate district grand means g g, and average impacts ¥y g,
2. Forg=1,...J,and m=1,... M:
(a) Generate school covariates X,
(b) Generate school residuals wg jkm and uy jgm.
(c) Calculate school grand means 6 ;i and average impacts 61 jn.

3. Fori=1,...Nand form=1,... M:
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(a) Generate individual covariates, C;jkm,
(b) Generate individual residuals 7; k-

(
(

)
)
c¢) Generate predicted baseline outcomes (Y;jx,(0) without residuals).
d) Add residuals to the predicted outcomes to get Y;jxm(0)

)

(e) Calculate Yjjgm(1) by adding the treatment model to the Yk, (0).

3.6 Generate observed data

Once we have our full set of potential outcomes, we generate treatment assignments to generate
the observed outcomes. We generate our treatment assignment, Tj;; for all ¢ = 1,...,n; and
j=1,....,Jand k=1,..., K. Once we have our set of T}j; (no matter how they were obtained)
we calculate the observed outcomes

Yobs —_ }/‘ijm(())(l — T‘Uk) —+ K]kﬂ’t(l)j—’l]k (117)

ijkm

3.6.1 Randomization schemes

We can assign at the district, school, or individual level depending on the design we are generating
data for.

e Blocked individual randomization: simple random sampling occurs within each school, with
I units assigned to treatment in each school.

e Cluster 2-level randomization: simple random sampling occurs across schools, with J7" schools
assigned to treatment.

e Blocked cluster 2-level randomization: school level assignment occurs within each district,
with JT schools assigned to treatment in each district.

e Cluster 3-level randomization: simple random sampling occurs across districts, with KT
districts assigned to treatment.

4 Tuning the DGP parameters

We define two main classes of parameters: model parameters and control parameters. Model
parameters, listed in Tables [T} 2| [3] and [7] are the ones that define the DGP. We use them directly
to simulate data. The control parameters, defined in Table [6] are more interpretable and can be
used to indirectly tune (i.e. specify) the model parameters. In short, control parameters are set by
the user, and then are converted to the model parameters that are fed into the DGP.

We break our model parameters into sets:
e Set 1: {M,J, K,nji,Zom, P, 0", p7, p~, p*, p*, p°, kY%, K", p;} are set directly by the user.

o Set 2: {N, %0 km: U1.kms 00,jkms 01 jkms Yijem(0), Yijem (1)} are functions of parameters that are
set directly.

e Set 3: {1, ng’m, nim, T&m, 7'127m, Ems Om, Ym } are tuned through the control parameters.
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The mechanism that maps the control parameters introduced in Section[L.5|to the model parameters
come from several derived relationships that we provide in the following sections.

4.1 Calculating the variation in random effects and impacts

We can have variation at the individual, school, and district level. We want to be able to tune the
proportion of variation in each of these levels. We are interested in the expression for unconditional
(covariate-free) ICC on the control side.

Using Equation (115 we have the variance of the control side as:
Varm(Y;jkm(O)) = fgnvarm(‘/;cm) + 5gmva7ﬂm(Xjkm) + Vivarm(cijkm) + n(%,m + T()2,m + U'r2n
= G MmO+ Ton + Yo+ O
assuming all covariates have a variance of 1.

Which leads to our definitions of ICC, as previously defined in Equations [11H12]

ICC _ Var(¢0,km> _ 57271 + n(Z),m
M Var(Yigm(0) (€ + M) + (0% + ) + (32 + 02,)
ICCQ,m _ Var(‘g(),jkm) o 5T2n + 7—02,m

Var(Yijgm(0)) (2 +n2,) + (02 + 78,) + (02 +02)

4.2 Calculating the covariate coefficients
4.2.1 Calculating the level 3 covariate coefficient ¢,

The regression coefficients for the level 3 covariates, &,,, are dictated by the desired R? values.
Thus, we would like to find &, as a function of R;m, i.e., the proportion of variance between level
3 districts predicted by level 3 covariates.

We start with

R2o_1_ Var(wo gm)
3,m Var(vo gm)
-1 nO,m

&V ar(Vim) + g’

V s

nOm 3m

1-R3,,

leading to

4.2.2 Calculating the level 2 covariate coefficient 4,,

We start with our level-2 R? being defined as the proportion of variance in level-2 schools explained
by level-2 covariates:
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~ Var(uokm)
VCW’(HOJ'km ’ Did)’

R;, =1

where the conditioning Var(fo jkm | Did) denotes the variance of outcomes within a particular
district. This expands to

2
TO,m
(%Var(Xjkm ‘ D1d> + TO2,m'

R;, =1

Since our X, are generated independent of district, the conditional variance is the same as the
overall variance. This gives

2
7—O,m

B 2 Var(Xjgm) + 7’02,m7

2
R2,m

=1

leading to

(5 _ Tg,mRim
" Var(Xjum)(1 — R3,,)

2 2
o TO,mRQ,m
= — D05 -
1 - R27m

4.2.3 Calculating the coefficient for the Level 1 variable (v,,)

Similar to level 2, we start with our level 1 R? being defined as the proportion of level 1 variance
in individuals explained by level 1 covariates:

0.2

RQm — 1 o m 7
b var (Yijem(0) | Sia)

where the conditioning denotes the variance of outcomes within a particular school.

We find

2

2 1 Om
1m —
v2var(Cijem | Sia) + 02,
2
—1— Iim

2 var(Cijem) + 02,

Rearrange to get

o2 R? .
T =N var(Copm) (1 — B2,

| R,
C\1-R%,,
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4.3 Calculating the grand mean impacts =,

The grand mean impact is a function of effect size. The effect size is simply the overall impact in
standard deviation units, with the standard deviation usually being the marginal standard deviation
of the control side:

E1m = ESy - SDy (Yijem(0)), (118)

where SD,,,(Yijkm(0)) denotes the standard deviation over ¢, j, and k for fixed outcome m. We have
already noted Vary, (Yijrm(0)) = &, + v + 0p + Mo.n + Tom + -

4.4 Final results

The above produce the following system of equations:

&+ Mo
ICCsm = - 5 5 5 5
€m+n0,m+5m+TO,m+ﬁym+1
52 + ,7_2
10027m — m O,TI'L

E2 A NGn + 0% + T3 + 72 +1

P L
" 1—-R3,

5 — T(]Q,mR%,m
" 1-R3,
_ [(F.
Tm 1_ R%,m'

We solve the system to find our model parameters in terms of our user parameters:

RZ
2 _ l)m
=T h (119)
R3 I
02, = —2m CCam (120)
1 - R{,, 1-1CCs,, —ICCy,,
R3 I
& =—= “Com (121)
1= R}, 1-1CCy,, — 1CCy,
1— R3 ICC
2 2,m 2m
= : 122
om =T R? 1—1CCs,, — 1CCy (122)
1—-R2 ICC
2 3,m 3,m
= : : . 123
Tom = TRE T —1CC4,, — 1CCa,m (123)
For details on the algebra, see Section
And finally we set:
n%,m = Wsm (ng,m + g’?)’b) (124)
7‘127m = W m (T(?m + 572,1) ) (125)
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5 Derivations

5.1 Derivations of parameter translation formulae

In this section we derive the formulae used to map user parameters to model parameters given
above. We first lay out some expressions we will later use in the main derivations:

T =
R,
52(1— R2, )
62 42— g2 g my T2m
m 0,m m R%,m
N R, ’
giving
2 2 ;
5m + Tom = »
"R3,

We also note:

ICC3m &+ n%,m
ICCy,, 02, + Tom
2oy ICCs,, (02, + Tg’m)
m m ICCy,m,
ICCj,,02,
R3 ,ICCy,

And finally it is easy to re-express 72, + 1:

B R3 .,
TmEANT—RE,

2

2 1,m
1= —2" 41
B 1
1-Ri,,

Let’s start by plugging some of these into our expression for IC'Cs to find 9,,:
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2 2
(5m + 7—O,m

ICCy,, =
R AR !
52,
o RZ,m
1CCs.,,02, 52,
R%ymeCZm i T+ 1
62, ICCs,,02 5?2
=1CCy,, D R 42+ 1
R%,m > <Rg,mICCQ7m R%,m Tm

62, = 1CCy 02, 4+ 1CCy,02%, +1CCo RS, (72 + 1)
2 ICCQ,mR%m(’YrQn + 1)
mo 1— ICCg,m - ICCQ,m
ICCym RS,
(]_ — ICC&m - ICC2,m)<]— - R%,m)

Proceeding by a similar method, we can use IC'Cj3 to find &,,:

ICCg,mR;m
(1 — ICCg}m - ICCZ,m)(l - R%,m) '

£, =

Now we can plug in to find 73,,:

(1= R3,,)
" R
ICCs,, RS, (1-R3,)
(1-ICCs,, —ICCy)(1 — R,,) B3,
1CCy,n(1 — RE,,)
(1 —1CCs, — ICCo ) (1 — R2,,)"

To

And similarly:

, ICCs,n(1 — R3,,)
Nom = (1— ICCs,, — ICCz,m)(l - Pgm)

5.2 Derivation of off-diagonal correlations of outcomes

We directly specify most of the 2M x 2M covariance matrix of the random effects for districts
and schools. The off-diagonal terms, however, need to be derived as natural consequences of these
choices. One could specify these off-diagonal terms directly, as long as the resulting matrix were
positive definite, but we can also view them as artifacts of the other correlations coupled with a

simplifying linear model. That is what we do here.
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Remember that we define % as the correlation of the intercept and impact for outcome m, which
corresponds to the correlation for the diagonals. We can also collect the x|’ into a diagonal matrix

'Q’w

In particular, consider the correlation cor(wp gm, w1 k') between the random effect for outcome m
and random impact residual for outcome m/. If there is a non-zero correlation between (W gim, W1 km),
and a non-zero correlation between (wq gm, w1 gm/), then, unless something is offsetting it, we will
have a non-zero correlation between (wo gm, W1 g’ )-

In path analysis, we consider all paths that could induce correlations between two variables (wp gm, W1 gm?)-
One path is W gm—W1 km—W1 km/- Another path is wg gpm—wWo fm—wW1 k. Below, we show the
derivation for the correlation due to the first path. We do not show the derivation for the second
path, as it follows the same pattern.

Let’s assume there is a linear relationship between the two pairs of variables with known correlations.
Wo km = @ + bwy gm + C
W1,k = d+ EW1 km! + F7

where C' and F' are error terms.

First, let’s find the definitions of b and e in terms of notation we have already defined: p." /. &

2 2
nO,m7 and nl,m'

w
m?

5.2.1 Finding the linear coefficients.

Finding b. First, we find b in terms of our original notation. Based on the linear relationships,
we have:

Cov(w(),kma wl,km) = COU(CL + bwl,km + 07 wl,km)
= bCov (w1 g, W1 km) + Cov(C, w1 k)
= bn -

Now to relate b to our original notation, we defined Cor(wo gm, W1 km) = K2, and Cov(Wo km, W1 gm) =
Ky 10,mM1.m- This means we can solve for b in terms of our original variables:

2 w
U1 m = B T0,mM1m
Kw No.m
h= —mOm

771,m

Finding e. Next, we find e. Based on the linear relationships, we have:
Cov(W1 jom, W1 ) = Cov(d + ewy g + F, W o)
= eCov(Wi g s W1 k) + Cov(F, w1 g )
2
- 6771,m"
Now to relate e to our original notation, we defined Cor(wy jm, W1 gm) = Por> a0d COV(W1 fon, W1 oy ) =
Pyt T mM - This means we can solve for e in terms of our original variables:
2 w
€My = Proy Lm0
w1
_ pmm’nlﬁn

m,m

e
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5.2.2 Finding the covariance expression.

Next, we re-arrange our expressions to be in terms of the common variable wy g, .
Wo km = a + b(d + ewy gy + F) + C
Now, we plug in our new expression to find the covariance.

Cov(Wo gm, W1 ey ) = Cov (a + bd + bews gy + bF + C, w1 g )
= Cov (bewy gy + bF 4 C, w1 )
= beC'ov(W1 g/, W1 k) + OCOV(E, w1 gy ) + Cov(C, wy gmy)
= beCov(w1 gm/, W1 km’)

= be'r]im,.
Finally, we substitute in our values of b and e.

w w1
BEmTo,m P/ Tm 2
1,m/
M,m m,m

— W JW1
- K’mpmm’noymnlym/'

COU(wO,kma wl,km/) =

5.2.3 Second path.

As mentioned above, another path is wp gm—Wo gm—W1 . Considering this path, by similar
derivation to the first path, we would find:

_ w wo
Cov(Wo m, Wi km?) = Kt Porerr10,m M -

5.2.4 Total covariance.

To find the total covariance, we take the average covariance over the two paths. We take the average
so that the diagonals have the correct correlation s’ , which we already defined as the correlation
of the intercept and impact for outcome m.

w Wi

Cov(Wo fm, W1 om?) = 3 (K Pk 4 K1 o0 ) 10,m M 1m? - (126)

5.2.5 Constructing the non-symmetric matrix »*.

We can now construct our full matrix ¥*, noting that for m =m/, p,)} , = p'° = 1:

KYM0,1M1,1 T % (KY YA =+ KRrPIA) Mo ar
o= : : (127)
L (RSP + KYPY) moama - KMo, M, M
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