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Abstract

Two-way fixed effects (TWFE) models are increasingly applied in air pollution epidemiology. However, it remains unclear how sensitive
TWFE models are to different modeling choices and how to transparently select a final model from a wide range of options. This study
aims to systematically assess the sensitivity of TWFE models to different fixed effects (FEs) and propose a comprehensive decision-
making framework. As an illustrative case study, we investigated associations between weekly ZIP Code Tabulation Area (ZCTA)-level
mean particulate matter (PM;5) concentrations and respiratory hospitalizations in CA, 2011-2019. We proposed 52 TWFE models with
all plausible spatiotemporal FE combinations and demonstrated a three-stage decision-making framework for final model selection
based on permutation tests, equivalence testing, and model complexity. Substantial variations in estimates were observed among
models with different combinations of FEs and their interactions. The final model estimated that a 1 ng/m3 increase in weekly mean
PM_ 5 concentration was associated with a 0.06% increase in weekly respiratory hospitalizations (95% CI, 0.03%, 0.09%; clustered SE
by ZCTA). This study highlighted that the choice of FEs in TWFE models can have meaningful influences in the inference of interest.
Our proposed decision-making offers a practical guide for future air pollution epidemiological studies using TWFE models.
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Introduction and unobservable time-invariant confounders, as well as spatially
invariant time-varying confounders.>”’
The increasing popularity of TWFE models in air pollution epidemi-

ology can be attributed to several key advantages. First, this model

Two-way fixed effects (TWFE) models, which are widely used in
econometrics, have been increasingly applied in air pollution epi-

demiology in recent years.!# This type of model is typically used to
analyze observational time-series cross-sectional data (also known
as panel data), which comprises observations of the same units (eg,
states or counties) across multiple time points. TWFE models compare
each unit to itself over time by including unit fixed effects (FEs),
also referred to as spatial FEs, and adjust for secular trends common
across units by including time FEs (eg, calendar months or years).
This approach theoretically adjusts for both unit-level observable

can be flexibly applied to study the health impacts of air pollution
exposure using data with varying temporal resolutions; for daily data
with multiple spatial units, however, case-crossover methods and two-
stage time-series analyses are most commonly used in environmen-
tal epidemiology and perform well.310 Notably, space-time-stratified
case crossover methods is also based on FEs to control for spatial
and temporal confounders. Second, it offers a feasible alternative
when some other study designs are challenging to implement due
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to the spatial and temporal resolutions of datasets (eg, the monthly
county-level mortality dataset from the US National Center for Health
Statistics!!). Although recent methodological advances allow analyses
of daily exposures with weekly or monthly outcome data,'> TWFE
remains a practical option when the exposure data is also temporally
aggregated and when the available time series is relatively short.
Third, when appropriate FEs are included, these models adjust for
unmeasured confounders that are fixed over time or space, without
the need to collect detailed information on all potential confounders
and adjust for each individually.

In previous studies that applied TWFE models to investigate the
effects of air pollution exposure on mortality and other health out-
comes (Table S1), commonly used spatial units include zip codes,
census tracts, municipalities, and counties. Studies that utilized TWFE
approaches relied on various choices in the selection and combina-
tion of FEs, particularly when the temporal resolution is finer than
annual.»'3 Such decisions can be reasonably made a priori, though
they involve different assumptions and may lead to nontrivial differ-
ences in research findings. Differences in modeling assumptions in air
pollution epidemiological studies using TWFE models illustrate what
Gelman and Loken describe as the “garden of forking paths,” where
the flexibility in researcher decision-making can result in differing
conclusions, even when reasonable decisions are made at each step.!*

The term “fixed effects” has been used to mean different things
in different contexts. In the context of meta-analyses, FEs assume
that the true effect sizes are the same across all studies.’ In the
context of clustered or panel data, FEs (that are typically applied to the
intercept) are routinely employed when random effects do not meet
the assumption of independence between cluster-specific intercepts
and variables of interest. Data can be clustered across both time and
spatial units. By fitting a separate intercept for each cluster, FE models
adjust for any shared characteristics among units within a cluster.
Here, we refer to “fixed effects” in the context of panel data. Many
previous epidemiological studies have referred to TWFE models as “a
variant of difference-in-differences (DiD)” or used “TWFE” and “DiD”
interchangeably. However, TWFE is a particular estimator that can
be used in DiD settings as well as other panel-data contexts, while
DiD is a study design defined by additional identification assumptions,
such as the parallel-trends, and can be implemented with estimators
other than TWFE.16.17 Indeed, the canonical version of DiD is based
on 2 FEs (eg, 1 for treated/untreated clusters and another for periods
before/after the implementation of a policy or occurrence of a shock of
interest) and the interaction term between these two FEs is considered
to be the DiD estimator. This approach aims to capitalize on the quasi-
random timing of a given intervention (often referred to as a natural
experiment) and relies on additional identification assumptions.®
Recent literature also showed how such canonical DiD approaches
lead to biased estimates in multiple settings including staggered inter-
ventions, and alternative strategies have been proposed.’®? There-
fore, using them interchangeably is misleading. To avoid ambiguity,
we regard TWFE models as distinct from DiD approaches throughout
this study.

The effects of fine particulate matter (PM,5) on respiratory mor-
tality and morbidity are well documented.?3-?® Most prior studies
have focused on either short-term PM; 5 exposures, using time-series
analyses or case-crossover designs with daily data,2>26 or long-term
exposures, using cohort studies with annual average PM, 5 concentra-
tions.2”-28 The health effects of PM 5 at a weekly or monthly time scale
remain relatively understudied but may provide important insights

American Journal of Epidemiology, 2026, Volume 195, Issue 8

into the etiology of health outcomes. TWFE constitutes appropriate
analytical methods for handling data at this intermediate temporal
resolution. In this paper, we utilized TWFE models to conduct a case
study of weekly ZIP Code Tabulation Area (ZCTA)-level smoke PM; 5
and respiratory hospitalizations in CA from 2011 to 2019. Our goals
were to (1) systematically assess the sensitivity of TWFE models to
the selection and combination of FEs and their interactions, and
(2) propose a comprehensive framework for decision-making when
specifying TWFE models in the context of air pollution epidemiology.
This framework can be applied to exposures beyond air pollution,
such as temperature or precipitation anomalies, as well as time scales
other than weeks, such as months, quarters, or years.

Methods
Data sources

This analysis utilized weekly ZCTA-level respiratory hospitalization
data from 2011 to 2019 for 1405 ZCTAs in CA with a population of
at least 1000 people. The hospitalization data covers all unscheduled
hospital and emergency department visits, obtained from the Cali-
fornia Department of Health Care Access and Information.>® Annual
total population data for each ZCTA was extracted from American
Community Survey 5-Year Data by US Census Bureau.

Daily ZCTA-level PM; 5 concentrations in CA was estimated using an
ensemble-based statistical approach.>’ The ensemble model showed
good predictive performance, with a prediction R? of 0.83 for all sites.
We calculated weekly mean PM, 5 concentrations for each ZCTA to
match the weekly hospitalization data.

Daily mean air temperature and total precipitation data were
obtained from the Gridded Meteorological reanalysis product (grid-
MET), which is a high-resolution (4 x 4km) gridded dataset of surface
meteorological variables for the contiguous United States.’! We
extracted daily ZCTA-level meteorological data using the population-
weighted centroid of each ZCTA, and then calculated weekly mean
values.

TWFE models with different FE combinations

We applied TWFE models with quasi-Poisson regression to estimate
the association between weekly mean PM, 5 exposure and respira-
tory hospitalizations. We proposed 52 model specifications that were
identical in all aspects except for the FE combinations (Models 1-52).
A generic model can be expressed as

log (E[Yzw]) = B1PMzy + ns (Tmeany,y, df = 5)
+ offset(log [Population, , ]) + FEspace + FEtime
+ 1:Espace—time M

Y,w represents the number of respiratory hospitalizations in
ZCTA z during week w; PM;,, is the mean PM;5 concentration in
ZCTA z, week w. Tmean;y, is the mean air temperature and it was
modeled by a natural cubic spline with 5 degrees of freedom (df).
log (Population, y) is an offset term, which presents the natural log
of the population in ZCTA z, year y. FEspace refers to FEs for space,
which adjusts for characteristics that are unique to each spatial
unit but do not change over time; FEnye refers to FEs for time,
which accounts for characteristics that are unique to each time
unit but do not vary across space; and FEgpace—time refers to FEs for
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space-time interactions, which accounts for unmeasured confound-
ing that varies simultaneously across space and time. Note that not all
three types of FEs need to be included (see the following paragraphs
for details). We report the percent change in weekly respiratory
hospitalizations associated with a 1 pg/m? increase in weekly mean
PM; 5 concentration, calculated by (exp (B1) — 1) x 100%.

Models 1-52 are identical in all other aspects, but with different
combinations of the following FE terms: ZCTA (a), year (yy), month
(ym), week (yy), year"month interaction (ym,), ZCTA"year interaction
(6zy), ZCTA*month interaction (6,,), ZCTA"year"month interaction
(6z,my), county”year interaction (6y), county” month interaction (6¢,m),
county”week interaction (6. ), and county”year*month interaction
(8¢,my)- In this study, we used the symbol “*” to denote the interaction
between FEs. For example, ZCTA year interaction accounts for ZCTA-
specific year-to-year variations (eg, gradual healthcare improvements
in certain ZCTAS).

We selected FE combinations based on the following principles.
First, each specification includes both a spatial and a temporal com-
ponent, which ensures that we adjust for both spatial and temporal
confounding. Second, all models contain a ZCTA-level component,
either as a main effect or as part of an interaction term, because
it captures local spatial confounding at the finest available reso-
lution. For temporal FEs, we avoid redundancy by not including
coarser time units if week-level FEs (the finest temporal resolution) are
already present. Additionally, in models with interaction FEs, we do
not include the same spatial or temporal unit as a separate main effect,
since it is already accounted for within the interaction. The proposed
52 models represent all possible FE combinations based on these
principles.

We divided these FE combinations into 5 categories: (1) space + time
(models 1-5), such as oz + yy; (2) space-time interaction (models 6-19),
such as 6,y + 0zm; (3) space + space-time interaction (models 20-28),
such as az+6cy; (4) time + space-time interaction (models 29-40), such
as yw +6zy; and (5) space + time + space-time interaction (models 41-
52), such as a; +yy+6cm. A detailed list of all these model specifications
can be found in Methods S1.

Permutation tests

To select a final model from the 52 specifications, as a preliminary
step, we conducted spatial and temporal permutation tests for each
model to assess the potential presence of residual confounders after
adjusting for spatial and temporal confounding, respectively. In
the spatial permutation tests, we randomly reassigned the PMjs
observations across ZCTAs 1000 times while keeping their original
week allocation. For the temporal permutation test, we randomly
shuffled the time order of the PM,s observations 1000 times
within each ZCTA. If the distribution of the 1000 model coefficients
obtained using the permuted data is not centered at 0, this model
does not pass the test. Whether the permutation distribution is
centered at O can be assessed visually; we also supplemented a
quantitative approach to complement visual inspection (see Methods
S2 for details). The key idea behind such permutation test is to
deliberately break the exposure—outcome linkage while preserving
either the spatial or temporal structure of the exposure; any non-zero
association observed after permutation therefore indicates remaining
confounding from the preserved dimension. A detailed explanation
of the permutation test, along with an example, can be found in
Methods S3.
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Final model selection and sensitivity analysis

Among the models which passed both the spatial and temporal per-
mutation tests, we selected the final model based on a principle of
parsimony. First, we sorted these models by complexity, which was
measured by the number of FEs and their interactions in the model.
The most complex model was used as the reference model because it
accounts for all theoretically plausible confounding structures in the
given setting.

Second, we calculated the difference in PM, 5 coefficients between
each simpler model and the reference model. To construct 95%
empirical CIs (eCls) for these differences, we applied a ZCTA-clustered
bootstrap procedure with 1000 iterations. In each iteration, we
resampled ZCTAs with replacement and retained all observations
within each sampled ZCTA to preserve both temporal and spatial
correlation structures. We then re-estimated both models using
the bootstrapped data and calculated the difference in the PMjg
coefficients. The 95% eCIs were obtained from the 2.5th and 97.5th
percentiles of the 1000 bootstrap differences.

Then, we applied equivalence testing to identify which model esti-
mates were statistically equivalent to that from the reference model.
In brief, an equivalence test evaluates whether the difference in
estimates falls entirely within a pre-specified margin, indicating that
any observed difference is small enough to be considered practically
negligible.32-33 Using the 95% eClIs from the ZCTA-clustered bootstrap,
we determined equivalence if the entire interval lay within +0.1 per-
centage point margin. Note that the equivalence margin is defined by
researchers based on field-specific knowledge or practical considera-
tions. Here, we a priori chose +0.1 percentage point as the equivalence
margin because a difference of 0.1 percentage point corresponds to a
change in the third decimal place of the risk ratio, which we regard as
practically negligible. Compared to traditional null-hypothesis signifi-
cance tests, which assess whether there is “no evidence of difference”
between two estimates, equivalence tests are better aligned with the
goal of providing empirical “evidence of equivalence.”33

Finally, among the models with estimates statistically homogeneous
to the reference model, we selected the simplest specification as the
final model. This approach balances the need for model accuracy with
the desire for simplicity and interpretability. In sensitivity analysis,
we checked the robustness of the results of the final model by using
(1) alternative number of df (3, 4, or 6) for air temperature, (2) adjust
for weekly total precipitation using a linear term or a natural cubic
spline with 3 df, and (3) alternative combinations of FEs (models with
equivalent estimates but were not chosen as the final model due to
their higher complexity).

Uncertainty estimation

Unless otherwise stated, we reported ZCTA-clustered SEs, which
assume that errors are correlated within each ZCTA. To assess
how different SE calculation methods may influence uncertainty
estimation, we also calculated SEs using 4 alternative methods for
the final model: (1) independent and identically distributed (IID)
SEs, which assume errors are homoskedastic and not correlated;
(2) heteroskedasticity-robust SEs, which assume that errors are
heteroskedastic; (3) SEs clustered by county, which assume that errors
are correlated within each county; and (4) SEs clustered by both ZCTA
and week, which assume that errors are correlated within each county
and within each year. We compared the 95% CIs based on these
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Figure 1 Percent change in weekly respiratory hospitalizations associated with a 1 ug/m?3 increase in weekly mean PM, s concentration estimated by
models with different combinations of fixed effects. The error bars indicate 95% CIs, computed by ZCTA-clustered SEs. Abbreviation: ZCTA, ZIP Code

Tabulation Area.

SE calculations with the 95% eClIs from the aforementioned ZCTA-
clustered bootstrap approach.

We conclude by proposing a decision-making framework for spec-
ifying TWFE models in air pollution epidemiology following the steps
described above. This framework can be readily extended to analysis
with other time units (see a supplementary case study with year as
the time unit in Methods S4). All data analyses were conducted using R
software (version 4.4.0; R Development Core Team). The fixest package
was used for TWFE models. While other statistical packages, such as
gnm,* can also be employed for TWFE models with quasi-Poisson
regression, we selected fixest for its fast computation and its wide
range of options for SE calculation. The final model estimates from
these two packages were almost identical when IID SEs were used
(Table S2). The R code to replicate these analyses is available at the fol-
lowing link: https://github.com/benmarhnia-lab/TWFE_framework.

Results
Description of main variables

This case study included 12 173 428 respiratory hospitalizations from
2011 to 2019 in CA. The distributions of weekly ZCTA-level total
respiratory hospitalizations, mean PMjs concentrations, mean air
temperature, and total precipitation are summarized in Table S3.
The weekly ZCTA-level total respiratory hospitalization counts ranged
from 0 to 702, with a mean of 18 (SD: 22). The weekly ZCTA-level PM; 5
concentrations ranged from 0.27 to 218.75 wg/m3, with a mean of
9.71 pg/m3 (SD: 5.56 wg/m?3). Figure S1 shows the spatial distribution

of PM, 5 concentrations in CA during the study period, with higher
concentrations found in the San Joaquin Valley and coastal Southern
CA, particularly in the Inland Empire metropolitan area. PM; 5 con-
centrations varied substantially both within years and across years,
with a clear seasonal pattern (Figure S2).

Models estimates and permutation test results

Figure 1 presents the estimated percent change in weekly respiratory
hospitalizations associated with a 1 pg/m3 increase in weekly mean
PM, 5 concentration, estimated by models with different combinations
of FEs (Models 1-52). Substantial variation was observed across the
estimates, ranging from 0.01% (95% CI, -0.09% to 0.12%) by Model 14
t0 0.55% (95% CI, 0.52%-0.58%) by Model 9.

All these models passed the temporal permutation test, with the
distribution of PMy 5 coefficients from temporally permutated data
centered at O (Figure S3). However, 20 of them did not pass the spatial
permutation test, as the distribution of PM; 5 coefficients from spa-
tially permuted data deviated from 0, indicating that the estimates of
these models were biased by residual confounding that these models
did not account for (Figure S4). A common feature of the models that
passed the spatial permutation test is the inclusion of a week-level
component, the finest temporal unit available, either as a main effect
or as part of an interaction term (Figure 1). Similarly, the fact that all
proposed models passed the temporal permutation test is likely due to
the inclusion of a ZCTA-level component, the smallest spatial unit in
the data, in every specification.


https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://github.com/benmarhnia-lab/TWFE_framework
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwag069#supplementary-data

Table 1 Selection of the final model among all models that passed permutation tests.

Model # Fixed effects # of FEs?
Model 3 ZCTA + week 1874
Model 47 ZCTA + week + county“year 2396
Model 48 ZCTA + week + county”month 2570
Model 49 ZCTA + week + county”“year+county"month 3092
Model 50 ZCTA + week + county”“year*month 8064
Model 33 Week + ZCTA"year 13112
Model 37 Week + ZCTAyear + county”month 13808
Model 34 Week + ZCTA"month 17318
Model 38 Week + county”year + ZCTA"month 17840
Model 40 Week + ZCTA"year + county”year"month 19302
Model 39 Week + ZCTA"month + county”year"month 23508
Model 22 ZCTA + county“week 27953
Model 42 ZCTA + year + county”week 27962
Model 45 ZCTA + month + county”week 27965
Model 51 ZCTA + year + month + county"week 27974
Model 52 ZCTA + year*month + county"week 28061
Model 25 ZCTA + county”year + county“week 28475
Model 46 ZCTA + month + county”year + county"week 28487
Model 26 ZCTA + county”month + county"week 28649
Model 43 ZCTA + year + county”month + county"week 28658
Model 28 ZCTA + county”“week + county"year + 29171
county”month
Model 35 Week + ZCTAyear + ZCTA"month 29961
Model 27 ZCTA + county”week + county“year"month 34143
Model 12 ZCTA year + county“week 39191
Model 32 Month + ZCTA"year + county"week 39203
Model 17 County“week + ZCTA"year + county"month 39887
Model 14 ZCTA*month + county"“week 43397
Model 30 Year + ZCTA*month + county”"week 43406
Model 18 County”week + county”year + ZCTA"month 43919
Model 19 County“week + ZCTA"year + ZCTA"month 56 040
Model 36 Week + ZCTA"year"month 149817
Model 16 ZCTA"year"month + county”“week 175896

Abbreviations: FE, fixed effect; ZCTA, ZIP Code Tabulation Area.
We used the symbol “*" to denote the interaction between fixed effects.
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Estimates (95% CI)® Equivalencec Decision
0.19(0.15, 0.23) Not equivalent Exclude
0.18 (0.14, 0.21) Not equivalent Exclude
0.10 (0.06, 0.14) Not equivalent Exclude
0.08 (0.04, 0.11) Not equivalent Exclude
0.10 (0.06, 0.14) Not equivalent Exclude
0.18 (0.14, 0.21) Not equivalent Exclude
0.07 (0.04, 0.10) Not equivalent Exclude
0.08 (0.05, 0.12) Not equivalent Exclude
0.06 (0.03, 0.09) Statistically equivalent  Final model
0.09 (0.06, 0.13) Not equivalent Exclude

0.06 (0.03, 0.10)
0.18(0.10, 0.26)

Statistically equivalent

Not equivalent

Sensitivity analysis
Exclude

0.18 (0.10, 0.26) Not equivalent Exclude
0.18(0.10, 0.26) Not equivalent Exclude
0.18 (0.10, 0.26) Not equivalent Exclude
0.18 (0.10, 0.26) Not equivalent Exclude
0.18(0.10, 0.26) Not equivalent Exclude
0.18 (0.10, 0.26) Not equivalent Exclude
0.18(0.10, 0.26) Not equivalent Exclude
0.18 (0.10, 0.26) Not equivalent Exclude
0.18(0.10, 0.26) Not equivalent Exclude

0.06 (0.03, 0.09)
0.18(0.10, 0.26)

Statistically equivalent

Not equivalent

Sensitivity analysis
Exclude

0.16 (0.09, 0.23) Not equivalent Exclude
0.16 (0.09, 0.24) Not equivalent Exclude
0.16 (0.09, 0.23) Not equivalent Exclude
0.01 (-0.09, 0.12) Not equivalent Exclude
0.01 (-0.09, 0.12) Not equivalent Exclude
0.01 (-0.09, 0.12) Not equivalent Exclude

0.02 (-0.05, 0.09)
0.07 (0.04, 0.10)
0.05(-0.03,0.12)

2Model complexity was measured by the number of fixed effects and their interactions in the model.
bpercent change in weekly respiratory hospitalizations associated with a 1 j1g/m3 increase in weekly mean PM, 5 concentration estimated by each model. The 95% CIs were

computed by ZCTA-clustered SEs.
CResults of the equivalence test with a margin of +0.1 percentage point.

Final model selection

All 32 models that passed both temporal and spatial permutation
tests are listed in Table 1, sorted by model complexity. Model 16
(FEs: ZCTA”year"month + county”week), which included 175896
FEs, was the most complex specification and was selected as
the reference model. Then, we calculated the difference in PMj5
association estimates between each simpler model and the ref-
erence, with 95% eCIs computed from ZCTA-clustered bootstraps
(Figure 2). Based on equivalence tests with +0.1 percentage point
margin, we found that estimates from Model 38 (FEs: week +
county”“year + ZCTA”month), Model 39 (FEs: week + ZCTA”month
+ county”“year"month), Model 35 (FEs: week + ZCTA“year +
ZCTA”month), and Model 19 (FEs: county"week + ZCTA“year +
ZCTA”month) were statistically equivalent to that from the reference
model. Finally, Model 38 was selected as the final model because
it is the one with the lowest complexity among models that passed
the permutation test and with a statistically equivalent estimate
compared to the most complex model (Table 1 and Figure 2). In
sensitivity analysis, the results of the final model remain robust
when we used alternative number of df for air temperature, adjusted

Statistically equivalent

Not equivalent
Reference

Sensitivity analysis
Exclude
Sensitivity analysis

for total precipitation, and used alternative combinations of FEs

(Figure S5).

The final model (Model 38) estimated that a 1 wg/m? increase

in weekly mean PM;, 5 concentration was associated with a 0.06%
increase in weekly respiratory hospitalizations. The 95% CI was the
narrowest when the SE was calculated based on the IID assumption
(95% CI, 0.04%, 0.08%) and widest when the SE was clustered by both
ZCTA and week (95% CI, —0.06%, 0.18%) (Figure 3). The 95% CIs were
similar when using the ZCTA-clustered SE, heteroskedasticity-robust
SE, and empirical intervals derived from ZCTA-clustered bootstraps
(95% CI, 0.03%-0.09%).

Discussion

To the best of our knowledge, this study is the first systematic exam-
ination of the sensitivity of TWFE models to different combinations
of FE specifications. Using the association between weekly ZCTA-level
mean PM; s concentrations and respiratory hospitalization in CA as
a case study, we found that model estimates were highly sensitive to
the combination of FEs and their interactions employed. We propose
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Figure 2 Difference in estimated percent change in weekly respiratory hospitalizations associated with a 1 wg/m?3 increase in weekly mean PM, s

concentration between other simpler models and the reference model.

The error bars indicate 95% eCIs of the difference, computed by ZCTA-

clustered bootstraps. The dashed lines indicate the equivalence margin used for the equivalence test. Abbreviations: eCls, empirical CIs; ZCTA, ZIP

Code Tabulation Area.

a comprehensive framework to guide decision-making in the speci-
fication of TWFE models, which has potential applications in future
epidemiological studies across diverse settings.

Figure 4 illustrates our proposed decision-making framework for
specifying TWFE models in the context of air pollution epidemiology.
In this framework, we recommend a three-stage approach: in the
first stage, researchers propose a set of candidate models based on
data availability and a priori knowledge of the research question; the
second stage focuses on selecting a main model from these candi-
dates, guided by permutation tests and model complexity (following
a parsimonious principle); and in the third stage, researchers conduct

11D 4
Heteroskedasticity-robust
Clustered by ZCTA |
Clustered by county

Clustered by ZCTA and week{ t

sensitivity analyses for the chosen main model and consider appro-
priate methods to estimate uncertainties.

In the first stage, it is recommended to propose candidate models
by first considering measured time-varying unit-specific confounders
and then listing plausible combination of FEs (Steps 1-3). As TWFE
models can theoretically adjust for both unit-level time-invariant spa-
tial confounders and spatially invariant time-varying confounders,
the focus narrows to time-varying unit-specific confounders. In addi-
tion, it is necessary to account for potential non-linear health effects
of these covariates.®> This step heavily relies on researchers’ a priori
knowledge of the research question and should be guided by directed

0.06 (0.04, 0.08)
—e—
0.06 (0.03, 0.09)
—e——

0.06 (0.03, 0.09)
—e—

0.06 (-0.01, 0.13)

0.06 (-0.06, 0.18)

ZCTA-clustered bootstrap

0.06 (0.03, 0.09)
—e—

0.0 01

Percent change in hospitalization
per 1 ug/md increase in PM, 5 concentration

Figure 3 Percent change in weekly respiratory hospitalizations associated with a 1 pg/m? increase in weekly mean PM, s concentration estimated by
the final model with different uncertainty estimation approaches. The error bars indicate 95% CI or 95% eCls. Abbreviation: eCls, empirical CIs.
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Step 1: Measured confounders

Consider measured time-varying
unit-specific confounders and their
potential non-linear effects.

@age 1: Propose candidate models based on data availability and a priori knowledgh

\ Step 3: Propose candidate models with different fixed effects J

Step 2: Fixed effects

Propose combinations of
temporal and spatial fixed effects
and their interactions.

3

ﬁtage 2: Select a main model based on permutation test and model complexity\

Step 5: Sort by
model complexity

Not equivalent

\_

Step 4: Perform permutation tests for candidate models

Step 6: Compare estimates from all
others to the most complex model

Statistically equivalent

Step 7: Select the simplest as the main model

Exclude

/

3

Stage 3: Perform sensitivity analyses and consider uncertainty estimation methods

Step 8: Sensitivity analysis

Perform sensitivity analysis
by reconsidering alternative
specifications in Stage 1 and
Step 7.

Step 9: Uncertainty estimation

Choose the appropriate method for SE
calculation considering the data structure.
For transparency, consider reporting results
with different SE calculations.

Figure 4 Proposed decision-making framework for specifying two-way fixed effects models in air pollution epidemiology.

acyclic graphs. The second step, selecting the combination of FEs, is
critical in developing TWFE models. Based on our findings (Figure 1),
itis recommended to include both the finest temporal and spatial unit
available, either as a main effect or as part of an interaction term and
list all plausible combinations as candidates.

The second stage of our framework provides a structured approach
for selecting an optimal model from the candidate models proposed
in stage 1 using transparent principles. We recommend first conduct-
ing spatial and temporal permutation tests on the candidate models
(step 4). Such placebo tests are commonly used to detect spatial and
temporal dependence due to model misspecification in panel mod-
els.36:37 Candidate models that fail these tests can be directly excluded
from further consideration. For ambiguous cases, we recommend
retaining these models at this step because the primary goal here
is to exclude clearly invalid models and thereby reduce the burden
in subsequent steps, where stricter comparisons will be performed.
Among the models that pass the permutation tests, we suggest sorting
them based on model complexity (step 5). The estimates from each
model are then compared to those from the most complex model (step
6). Finally, among the models with statistically equivalent estimates
compared to the most complex model, we recommend selecting the

simplest one as the main model based on a principle of parsimony
(step 7).

In the final stage, we recommend conducting comprehensive sen-
sitivity analyses to check the robustness of the main model’s results.
Alternative specifications initially considered in stage 1 and step 7
can be included in this step. In addition, it is important to choose
an appropriate method for SE calculation that aligns with the spe-
cific data structure and sampling process of the study. Our analy-
sis indicated substantial variations in uncertainty estimation when
employing different approaches (Figure 3). As the IID assumption is
typically violated in real-world panel data, where there may be serial
correlation and heteroskedasticity, we recommend always using at
least one type of SEs that are robust to certain violations of the IID
assumption.®® Heteroskedasticity-robust SE allows for heteroskedas-
ticity of unknown form, and cluster-robust SE is a generalization of it
for clustered data or repeated outcome measurements in longitudinal
data.3®3? Failure to consider within-cluster error correlation can lead
to misleadingly small SEs, and consequent inaccurate narrow CIs.%° In
the context of air pollution epidemiology, such as the example shown
in this study, clustering by the smallest geographic unit is usually
strongly justified theoretically and empirically. Therefore, we suggest
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starting from there and then empirically testing and/or reporting other
SE estimates. In addition, bootstrapping serves as a nonparametric
approach for uncertainty estimation. Previous papers have provided
a guide to select the method for SE in the process of specifying and
estimating a model, and a roadmap to check the robustness of the
models.>?

Our selected final model (Model 38) estimated that a 1 pg/m3
increase in weekly mean PM; s concentration was associated with
an approximately 0.06% increase in weekly respiratory hospitaliza-
tions in CA. This finding generally aligns with previous literature,
which consistently reported a positive relationship between short-
term PM, 5 exposure and respiratory outcomes in CA,*'43 across
the United States,***% and globally.>> However, the effect estimates
are not directly comparable across studies due to the differences in
temporal resolution as well as other factors, such as study population,
geographic region, time period, exposure measurement, PM, 5 compo-
sition, and concentration range. In addition, the selected final model is
specific to this case study and this selection should not be universally
applied. Each individual study needs to determine its own optimal
model based on the proposed framework (Figure 4).

Several limitations of this study should be acknowledged. First,
our study did not explore potential non-linear relationships between
PM, 5 and respiratory hospitalizations or consider multi-pollutant
models, because the primary focus of this study is to examine the sen-
sitivity of TWFE models to FE combinations and propose a decision-
making framework, rather than comprehensively analyzing the air
pollution-hospitalization relationship. However, our framework can,
in principle, be extended to non-linear and multi-pollutant settings,
and future studies are needed to address the complexities introduced
by these extensions and to explore optimal procedures. Second, in the
selection of the main model, we employed the principle of parsimony
in Step 7 of our framework; however, alternative criteria, such as
prioritizing models with narrower 95% CIs, are also reasonable and
may be applied. We also did not fully discuss the selection of mea-
sured confounders or its contribution to uncertainty, as this issue is
not unique to TWFE models and is beyond the scope of our study.
Alternative approaches, such as “model averaging,” which averages
results across multiple candidate models,*” could be considered in
future studies to account for multiple plausible adjustment sets and FE
combinations. In addition, we did not consider spatial structure and
spatial autocorrelation in our data, which could be further explored
in future work. Furthermore, in this paper, we aimed at assessing
the sensitivity of TWFE models to various combinations of spatial
and temporal FEs and their interactions. While this is a commonly
used approach to deal with spatial and temporal confounding, we
acknowledge that alternative approaches have been recently pro-
posed to deal with spatial confounding.*® It would be valuable to
compare these recent methods to handle spatial confounding to spatial
FEs. Finally, our study did not exhaustively test all possible methods for
SE calculation. Other approaches, such as Driscoll-Kraay SE,*° could be
explored in future research.

In conclusion, this study found that TWFE models can be sensitive
to the combination of FEs employed. To address this challenge, we
propose a comprehensive framework, which is designed to guide
researchers through the complex process of model specification, selec-
tion, and validation. We anticipate that this framework will serve
as a practical guide for future studies and enhance the robustness,
reliability, and reproducibility of findings from TWFE models across
various domains of air pollution epidemiology.
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