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Setting

We will consider the setting of a state policy evaluation in which individual-level data is available through, say,
a health insurance claims database or other large-scale longitudinal administrative database. The outcome
of interest is collected on all individuals in the sample a total of T" times. Each individual is continuously
enrolled in their health insurance plan, and so is available for outcome measurement at each occasion. Each
individual lives in exactly one state for the entire study period, and, at least initially, we consider only one
treated state, treated at time t* € {t1,...,tr}.

The outcome collected on the ith individual in the sth state at the tth measurement occasion is denoted
Ysit, wheret =1,..., T, i=1,...,ngand s =1,...5. We assume measurement occasions are common to all
individuals in the study, and that T}, occasions were at or after the time of treatment.

We will generate data at the individual level; therefore, we can imagine simulating from a three-level
hierarchical model: time is nested in individuals, which are nested in states. Denote by Ys;; the outcome at
time k for individual j in state i. In general, we generate data for S states, Six of which are treated. There
are n, individuals included in state s, each of which are observed at 75y, total measurement occasions. Tpost
measurement occasions are at or after the time of treatment.

There seems to be a serious issue with using state-level cluster adjustments to the standard errors when the
number of treated states is small. This is backed up by Rokicki et al. (2018), who found that confidence
interval coverage was severely compromised when the ratio of the number of treated units to the number of
control units was far from 0.5. Therefore, we proceed using 10 treated and 10 control states to
avoid “sample size” issues.

No Covariates, Nested Dependency Structure

We’ll start by simulating a continuous outcome with simple linear time trends and no covariates. The
generative model for the outcome is

Ysir = Bo + Bit + BaAst + bosi + bos + €3k, (1)

where boij ~ N(0,03cre0n)> boi ~ N(0,0%0), and €5, ~ N(0,02,,,). Note that eq. (1) involves only an
intercept shift at the time of treatment: there is a constant treatment effect over time. Similarly, the
generative model induces within-state correlation through a random intercept by; at the state level; therefore,
the true state fixed effects are 5y + by;.

We induce within-person and within-state correlation via the random effects. In particular, we choose chrson
and 02, to achieve desired intra-cluster correlations (ICCs). Using the definitions of ICC at each level, we

have
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Low within- and between-person correlation

We choose parameters as follows. Note the low within-person and within-state ICCs.

Value

Bo 15.00

51 0.10

Ba 0.20

Ufrror 1.00
ICCperson 0.10
ICCgtate 0.09

2000 simulations with 10 treated and 10 control states, 500 people per state, measurements per person:

Estimate SE RMSE Type-II Error Rate 95% CI Coverage

Individual data, OLS SE 0.199 0.013 0.013 0.000 0.953

Individual data, person-clustered SE 0.199 0.013 0.013 0.000 0.953
Individual data, state-clustered SE 0.199 0.012 0.013 0.000 0.925
Aggregate data, OLS SE 0.199 0.013 0.013 0.000 0.950

Aggregate data, state-clustered SE 0.199 0.013 0.013 0.000 0.950
Aggregate GEE, Exch. State Corr. 0.199 0.011 0.013 0.000 0.890

Table 1: Results of 2000 simulations assuming small dependency within people and within states. No

covariates.

Moderate within- and between-person correlation

We choose parameters as follows. Note the low within-person and within-state ICCs.

Value

Bo  15.00

51 0.10

Bo 0.20

aﬁrror 1.00
ICCperson 0.50
ICCgtate 0.40

2000 simulations with 10 treated and 10 control states, 500 people per state, measurements per person:



Estimate SE RMSE Type-II Error Rate 95% CI Coverage

Individual data, OLS SE 0.200 0.014  0.012 0.000 0.971

Individual data, person-clustered SE 0.200 0.013 0.012 0.000 0.952
Individual data, state-clustered SE 0.200 0.012 0.012 0.000 0.929
Aggregate data, OLS SE 0.200 0.013 0.012 0.000 0.954

Aggregate data, state-clustered SE 0.200 0.013 0.012 0.000 0.947
Aggregate GEE, Exch. State Corr. 0.200 0.011 0.012 0.000 0.899

Table 2: Results of 2000 simulations assuming small dependency within people and within states. No
covariates.

Time-Invariant Individual Covariate

Next, we introduce a single individual-level, time-invariant, normally-distributed covariate X, ~
N(px.s, agg ). The means and variances of the X; are allowed to vary by state, but are not required to. We
introduce this covariate into the model in a variety of ways, following Zeldow and Hatfield (2021).

Here, it is important to note that we are now actually using individual-level data in the individual-level model,
so we expect to see improvement in standard errors in the individual-level analysis versus the aggregate-level
analysis.

Constant Effect

Let X; have a distribution dependent on state i. When X; is time-invariant and does not have a time-varying
effect on the outcome Yy;;, X does not confound the relationship between treatment A and outcome Y
(Zeldow and Hatfield 2021).

Ysir = Bo + Bit + BoAg 1{t > t*} + B3 X + bosi + bos + €sit- 4)

Note that state-level fixed effects are not explicitly included in the model; they are generated from the random
intercept bg;. That is, for state s, the value of the state fixed effect is Sy + bgs.

The individual-level simple (unadjusted) analysis model is

S T
Ve =Y Bosl{j=s}+ > Buxl{k =t} + BaAs + €sit.
j=1

k=1

The individual-level covariate-adjusted analysis model is

s T
Yar =Y Bosi=s}+ > Buixl{k =t} + BrAu + BsXai + €sir-
=1 k=1

Similarly, the (desired) covariate-adjusted aggregate-level analysis model is
Vo= Bo;l{i=s}+ > Bisl{k =1t} + BoAu + BsXs + .
j=1 k=1

In reality, 85 in the above aggregate model is unidentifiable: because X is a baseline covariate, it is collinear
with the state fixed effect 3y ;. Therefore, it is omitted from the model, and we fit only the simple model:

S T
Yor =Y Bojl{i=st+ > Buial{k =t} + BoAs + €ut.
j=1

k=1



Value

0.10
0.20
1.00
1.00

As above, intracluster correlation is induced using random effects. We choose parameters as follows (omitting

fixed effects).

Per-state covariate distributions are depicted below.
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Estimate SE RMSE Type-II Error Rate 95% CI Coverage
Individual Unadj. w/ OLS SE 0.200 0.029  0.013 0.000 1.000
Individual Unadj. w/ person-clustered SE 0.200 0.013  0.013 0.000 0.950
Individual Unadj. w/ state-clustered SE 0.200 0.012  0.013 0.000 0.926
Individual CA w/ OLS SE 0.200 0.014  0.013 0.000 0.964
Individual CA w/ person-clustered SE 0.200 0.013  0.013 0.000 0.950
Individual CA w/ state-clustered SE 0.200 0.012  0.013 0.000 0.926
Aggregate data w/ OLS SE 0.200 0.013 0.013 0.000 0.947
Aggregate data w/ state-clustered SE 0.200 0.013 0.013 0.000 0.938
Aggregate GEE w/ Exch. State Corr. 0.200 0.011 0.013 0.000 0.891

Table 3: Results of 2000 simulations assuming small dependency within people and within states. One time

invariant covariate. CA = covariate adjusted.
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