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ABSTRACT

Advancing Causal Inference in Climate Disaster Epidemiology: Evidence
from Wildfires and Power Outages

Lauren Blair Wilner

Chair of the Supervisory Committee:

Joan A. Casey
Department of Environmental and Occupational Health Sciences

Department of Epidemiology

As climate change accelerates and reshapes the ways in which our environment affects human

health, the frequency and severity of wildfires have been steadily increasing. Unfortunately, cli-

mate disasters such as wildfires cannot be fully prevented, so we must turn to mitigation strategies

instead. To target such policies and interventions appropriately, we must weigh the full range of

impacts of climate disasters and tradeoffs we make with different mitigation strategies — economic

and logistical, but also human health and societal. Just as important is understanding the direct

health and healthcare utilization effects of a climate disaster as it unfolds, which is critical to mount-

ing a timely, well-resourced response – for example, anticipating surges in emergency department

and inpatient care in the days following a wildfire. Often, strategies intended to mitigate the effects

of a devastating climate disaster not only have the potential to themselves cause harm, but end up

coinciding with the very disaster they were initially intended to prevent. This is often the case with
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public safety power shutoffs (PSPS) meant to prevent wildfires. Understanding the health effects

in these cases – of the climate disaster itself, its mitigation strategies, and the co-occurrence of the

two – as well as developing the methodological tools needed to rigorously study them, is essential.

However, challenges arise in studying health effects of climate disasters. Climate disasters cannot

be randomized, there is often no obvious comparison population, and associational studies, while

important, are often insufficient to drive policy change. An association alone does not establish that

an exposure causes an outcome, and intervening on an exposure that is merely associated with,

rather than one that causes, an outcome can result in inefficient resource allocation and limited

health improvements. In response, this dissertation applies quasi-experimental, self-controlled

study designs – which build a counterfactual from an exposed population’s own data rather than

a separate comparison group – to estimate the causal effects of wildfires and PSPS events on

healthcare utilization, and translates these methods into open-source, accessible software.

The first aim used a time-stratified case-crossover design to estimate the independent and joint

effects of PSPS events and wildfire fine particulate matter (PM2.5) on acute healthcare utilization

in California from 2013–2019. Leveraging circuit-level outage data and modeled wildfire PM2.5

estimates, this analysis found that severe PSPS events were associated with elevated odds of

same-day respiratory and chronic obstructive pulmonary disease (COPD)-specific emergency de-

partment and hospital encounters, with evidence of multiplicative interaction between PSPS events

and wildfire PM2.5 for these outcomes. Associations were strongest among individuals with COPD

and adults over 65 years.

The second aim used a two-stage interrupted time series (ITS) approach with machine learning

to estimate the effects of the January 2025 Los Angeles fires on healthcare utilization among 3.7

million Kaiser Permanente Southern California members. Using National Oceanic and Atmospheric

Administration HYSPLIT trajectories and evacuation zone data to separate PM2.5 and evacuation

exposure, this analysis found that cardiovascular and neuropsychiatric emergency and inpatient

visits increased in heavily smoke-exposed areas in the week following ignition, while respiratory

visits declined, and overall care-seeking fell in evacuated areas, with greater reduction in care-

seeking among those living in the Eaton vs. Palisades evacuation zones.
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The third aim generalized the two-stage ITS with machine learning approach into its2s, an open-

source Python package. its2s provides built-in model architectures, configurable defaults, and

a reproducible workflow – including versioning, seed management, and parallelization – for con-

structing counterfactuals in the absence of comparison populations. The utility of the package

and its features are showcased in two case studies, one using a simulated policy intervention and

another examining excess injury mortality following the 2021 Pacific Northwest heat dome. This

package is intended to lower the technical barrier to applying this method broadly across environ-

mental epidemiology and other disciplines.

Together, these three aims demonstrate that self-controlled quasi-experimental designs can gener-

ate causal evidence on the health effects of wildfires and power outages even where no randomized

trial is possible or a comparison population is available. Wildfires themselves drive substantial car-

diorespiratory and neuropsychiatric morbidity, though these effects can diverge by outcome, timing,

and exposure pathway – smoke and evacuation do not affect all forms of care-seeking the same

way or on the same timeline. PSPS events – despite being designed to prevent wildfires – carry

their own distinct health harms when the power goes out, impacts that may be compounded when

PSPS events co-occur with wildfires nonetheless. This evidence points to specific, actionable gaps

in current mitigation policy – the need to weigh the health harms of PSPS events against the wild-

fire risk they are designed to prevent (aim 1), the need to target protections toward populations

who are most vulnerable (e.g., individuals reliant on electricity-dependent durable medical equip-

ment) (aim 1), and the need to prepare healthcare systems for these shifting cardiorespiratory and

neuropsychiatric care needs in the wake of wildfires (aim 2). To do this, we need both the em-

pirical evidence and the methodological tools to target such efforts appropriately (aims 1, 2, and

3). As wildfires, co-occurring power outages, and other climate disasters continue to intensify and

expand geographically, this dissertation’s methodological and software contributions provide tools

for generating the causal evidence needed to guide policy to protect population health.
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INTRODUCTION
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1.1 Background: climate change and health.

Climate change is reshaping planetary and human health. Among the most striking displays of this

shift is the increasing frequency and severity of climate disasters, particularly wildfires.1 Across

the United States (US) wildfire seasons have lengthened and intensified, and individual fires have

grown larger, more frequent, and more widespread.2–5 As the wildland-urban interface (WUI) ex-

pands across the US, more people than ever are in the path of these intensifying fires.6 Looking

ahead, wildfire smoke exposure is projected to continue rising, and the associated human impacts

to grow substantially in the absence of immediate and considerable mitigation efforts.7,8 Together,

intensifying fires and a growing exposed population position wildfires as a mounting human health

threat.

Wildfire dynamics are especially pronounced in California, where a disproportionate share of the

nation’s most destructive wildfires has occurred – a trend expected to continue.9,10 With 1.5 million

new homes built in the WUI since 1990 – making it the fastest-growing WUI in the nation – Cali-

fornia now has more than one-third of its households situated in the WUI.11 Against this backdrop,

California’s large population and regular extreme wildfires place an outsized number of people in

a potential wildfire path.

1.1.1 Wildfires and health.

Wildfires affect health through several distinct pathways, of which smoke inhalation is the most stud-

ied and understood.12 Wildfire smoke is a complex mixture of pollutants, including gases, volatile

organic compounds (VOCs), and fine particulate matter (PM2.5), and wildfire emissions are also

a growing contributor to secondary formation of surface ozone pollution.13,14 Of these pollutants,

wildfire PM2.5 has been the most widely linked to morbidity and mortality.15–20 Increasingly, the

literature shows that PM2.5 from wildfires specifically may be more harmful to respiratory health

than PM2.5 from other sources, a difference that is hypothesized to be attributed to wildfire smoke’s

heavy carbon load and associated organic compounds, which appear to trigger stronger oxida-

tive and inflammatory responses in lung tissue.21 Mechanistically, wildfire PM2.5 triggers systemic
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inflammation and oxidative stress, the proposed biological basis for most of these adverse health

effects, though much about the underlying mechanisms remains unknown.12,22,23 Several epidemi-

ologic studies have linked elevated short-term wildfire PM2.5 concentrations to cardiorespiratory-

related healthcare utilization,16,22,24,25 and a growing body of work has also linked short-term wild-

fire smoke to neuropsychiatric outcomes – including anxiety, impaired cognition, and dementia – as

well as injuries.19,26–29 Some studies have also begun to uncover associations between long-term

exposure to wildfire smoke and dementia, cancer, and mortality.16,30,31

The health effects of wildfire may also extend beyond those operating via poor air quality and

smoke inhalation. Disruption to daily life, evacuation, displacement, destruction of homes and

infrastructure, power outages, and the acute stress of a fire disaster are among the other pathways

through which wildfires affect health, independent of smoke.12,32 Living close to a wildfire burn zone

has been associated with increased acute healthcare utilization and motor vehicle crashes.33,34

Evacuation, specifically, causes stress, poses physical hazards, and disrupts healthcare access.

Accordingly, it has been linked to injuries, the exacerbation of chronic conditions, and worsened

mental health.12,33,35,36

1.1.2 Power outages and health.

Wildfires often do not harm health in isolation, and one co-occurring hazard that warrants particular

attention is power outages. Power outages adversely affect health independently and compound

the effects of wildfires, resulting in a more-than-additive effect on health. During outages, house-

holds cannot run systems that regulate indoor air quality or temperature, nor can they operate any

electricity-dependent durable medical equipment (eDME, e.g., oxygen equipment). By compro-

mising indoor thermal control, interrupting access to medical facilities, degrading communication

means, and failing to power eDME, power outages, in the absence of wildfire co-exposure, have

been associated with elevated healthcare utilization for injuries, hypothermia and hyperthermia,

cardiorespiratory hospitalizations, and mortality.37–42 These risks are amplified for vulnerable pop-

ulations, particularly those reliant on eDME,43 as most backup batteries last less than 12 hours –
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and failure of these devices has been associated with elevated cardiorespiratory healthcare utiliza-

tion.37

Notably, power outages and wildfires frequently co-occur. Failing electrical infrastructure is itself a

leading ignition source for some of the most destructive wildfires – exposing populations to con-

current hazards44,45 – and the co-occurrence of outages and climate hazards has risen nation-

ally,46 with unequal exposures among vulnerable populations.47 While wildfires can trigger power

outages by destroying infrastructure, some of the recent co-occurrences are due to the start of

planned power outages, or public safety power shutoffs (PSPS). These are proactive utility-initiated

de-energizations of power lines enacted in response to elevated wildfire risk or active fires.32,48,49

PSPS events are designed to protect against wildfires, but may end up occurring with them. When

power outages and wildfires co-occur health impacts may increase substantially, as individuals

must cope with both exposures simultaneously, while unable to use to air cleaners, eDME, or com-

munication devices.

1.1.3 Inequities in exposure.

The wildfires and power outages – independently and concurrently – do not affect everyone equally.

Evidence suggests that both long-term wildfire smoke exposure and power outage exposure persis-

tently cluster in disadvantaged communities.18,50,51 The health effects of these exposures are also

typically amplified in vulnerable populations who often have higher baseline rates of chronic dis-

ease and eDME reliance, inadequate healthcare access, and fewer preparedness resources (e.g.,

backup power, resources to evacuate).37,52 As a result, the populations who are most exposed are

often also least prepared, risking a widening of existing disparities.

1.1.4 The health problem.

While efforts to slow or reverse the effects of climate change are widely discussed, climate disas-

ters cannot be fully prevented. As a result, governments and other organizations turn to mitigation

4



efforts to prepare communities for these events, lessen the impact of disasters, and promptly re-

spond to their effects.53 However, mitigation strategies often incur risks as well. PSPS events

illustrate this tension, where the intervention causes one hazard (power outages) in an attempt

to prevent a worse one (wildfires).49 And, often these two hazards end up co-occurring, leaving

communities vulnerable to two, potentially compounding, hazards. Thus, understanding the health

effects of wildfire disasters and co-occurring wildfires and power outages is essential to protecting

population health as the climate warms – particularly in the most vulnerable communities.

1.2 The epidemiological challenge: exposures, outcomes, and methods.

Studying the ways in which climate disasters affect health, however, presents challenges at all

stages of the research process – exposure assessment is difficult due to the sudden and unpre-

dictable nature, the prospectively collected health outcome data is rarely collected before and after

the event, and traditional study designs leveraged to establish causation cannot be applied. Next,

I describe challenges to epidemiological research of wildfire and similar climate disasters in three

domains: exposures, outcomes, and methods.

1.2.1 Exposure data.

By nature, most climate disasters, particularly wildfires, are episodic – they have a rapid onset,

a bounded duration, and varying severity both between and within events.18,54–56 Further, while

early warning systems and projections exist for wildfires, for example, around the world, it remains

impossible to predict precisely where and when the next wildfire will ignite, or the next power line

will be de-energized. This unforeseeable timing is challenging for community preparedness and

resilience as well as for research. It means we cannot design a cohort study or initiate a trial, given

the need to know where and when to enroll and follow participants. However, this feature is also

an opportunity. Since their timing is exogenous to the underlying health in the affected population,

these events can be treated as if occurring at random, lending themselves to study as natural

experiments.57–61
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Beyond their timing, these exposures are difficult to measure and prone to misclassification.18,54,62

Generally, determining the area affected by wildfire PM2.5 or the area that lost power is feasible,

but ascertaining which individuals were actually exposed or the dose to which they were exposed

becomes impossible because we neither observe people’s movements or behaviors during the

event nor have access to biospecimens or other measures of internal dose.54 As a result, wildfire

exposure is typically assigned to individuals based on ambient exposure at their residential ad-

dresses, which assumes that the person lives at that address, they were home during the event,

and outdoor exposure (in the case of wildfire smoke) is a reasonable proxy for an individuals com-

bined indoor/outdoor exposure. Even when these assumptions hold, assigning exposure based on

residential address does not capture personal exposure – it remains impossible to know whether

someone’s windows were open or closed or whether they ran an air filter during a wildfire.23

Assessing exposure to power outages presents further measurement challenges, too. Unlike wild-

fire PM2.5, which varies continuously across space, power outages are binary exposures at the

household level. A given address either lost power or did not, creating a true exposed and unex-

posed set of households rather than a continuous surface. However, classifying power outages

at the area level typically masks this variation. Absent individual- or household-level data, it is im-

possible to know the actual outage experience – whether a given household in an “affected” area

lost power or not, whether the people captured in the health data were actually home and in an af-

fected household during the outage, whether an affected household had backup power, or whether

individuals in an affected household relied on eDME. Without contacting individual households or

people, or accessing this kind of individual-level data, it is impossible to know who was actually

exposed to this exposure.34,37,43,63

Both wildfire and power outage exposure, while individual-level in nature, must often be assigned

at the level of an administrative unit, given health outcome data limitations. Within an administra-

tive unit such as a census tract or county, however, PM2.5 concentrations can vary substantially

with wind and other meteorological factors, as can the distribution of population and socioeco-

nomic status. Within an administrative unit, actual power outage exposure can also vary household

by household, again obscuring an individually-determined exposure beneath spatially aggregated

data. This within-unit heterogeneity further complicates accurate exposure assessment.
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1.2.2 Outcome data.

As the random, episodic nature of climate disasters generally precludes prospectively identify-

ing and recruiting study participants, climate disaster epidemiology relies largely on observational

data.57 Researchers leverage electronic health records (EHRs) or administrative claims data that

have large sample sizes, are passively collected regardless of a climate disaster, and, in some

cases, contain longitudinal patient data.19 The routine nature of this data collection also means

that they exist when and wherever a disaster strikes with relatively complete coverage, high tem-

poral resolution, and no need to enroll participants during a crisis.

These secondary data, however, were not collected for research. Entry into these datasets is

neither systematic nor random. Instead, healthcare utilization data represent those who can seek

care and feel able to do so, or may capture only cases severe enough to warrant a visit. Absence

from these datasets is therefore ambiguous. There may be discrepancies between those whom

we are able to study and those whom we think (or wish) we are studying.64–66

A person who does not appear in secondary administrative datasets may not have experienced an

adverse outcome – or may have sought care outside the catchment of the data source (e.g., a differ-

ent health system, an out-of-network facility, or a setting not captured by the reporting institutions),

may have self-managed the condition without seeking care, or may not have survived to generate

a recorded encounter. This concern is compounded in the context of climate disasters, which can

prompt population displacement and migration. Climate disasters can result in inaccurate locations

or exposure assignment if a patient is either not home during the event – which is often likely – or

if patient addresses on file fail to update after a move, and a true outcome may go unrecorded en-

tirely if their care-seeking shifts to facilities outside the source data’s catchment amid the disruption

of a disaster, introducing selection bias into the populations captured by secondary healthcare uti-

lization data.66,67 Finally, these data typically measure health-related care-seeking, or healthcare

utilization, rather than health outcomes directly. Healthcare utilization data capture care-seeking

encounters, whereas health outcomes capture the underlying health event itself – which can occur,

or not, independent of whether it generates a recorded encounter. Rates of healthcare utilization

and health outcomes are inherently linked, but how closely and accurately these constructs vary
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together is unknowable.

1.2.3 Epidemiologic methods.

Using these exposure and outcome data sources, we can study the ways in which climate disas-

ters are associated with adverse health outcomes. We are able to compare the rates of health

outcomes or healthcare utilization between exposed and unexposed periods or places. A cohort

study establishes temporality by following participants over time, but constructing one in precisely

the place and period a disaster will strike is nearly impossible.59 Typically, a cohort would be estab-

lished after an event, but this eliminates the potential for a self-controlled design and limits potential

comparison groups. Even so, when a reasonable comparison group can be identified, these types

of associational study can help us understand the ways in which environmental exposures and

health vary in tandem and make up the foundation of environmental health research. However, in

climate and health research, assembling a comparison population of similar unexposed people is

difficult – areas burned by wildfires or that lose power often differ systematically from unaffected

areas in ways beyond only exposure status – in geography, climate, and infrastructure – introducing

confounding into the selection of a comparison group.58,68

To intervene – to mitigate the effects of these exposures – requires understanding causal rela-

tionships. An association alone does not necessarily indicate directionality or temporality, so in-

tervening on an exposure that is associated with an outcome, but does not cause it, can result

in the intervention having no effect on the outcome of interest.66 In order to protect and improve

health, we need to establish causal relationships to optimize our mitigation efforts. Establishing

causation is also what allows research to guide action – regulatory and policy decisions, such as

setting air quality standards, increasingly call for causal evidence rather than association alone.

This requires comparing what happened following an exposure with what would have happened

in the absence of that exposure – or a counterfactual scenario that, while never observed, can be

credibly approximated.66

Causal inference does not require a randomized trial.69,70 While RCTs were long regarded as
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a gold standard for constructing a counterfactual – randomizing assignment so that exposed and

unexposed groups differ only by chance –many paths lead to causal inference. In many cases, non-

RCT inference is better-suited and more appropriate to answer pressing health questions.70 For

one, a growing body of work indicates that well-designed observational studies also offer a pathway

to causal conclusions, often making them complementary to RCTs.69 Observational studies are

able to draw on a much larger and diverse sample than a trial can enroll, and often can do so in

ways that are less ethically and logistically complicated, using methods that are more replicable,

and with populations that are more broadly representative.69

1.2.4 The methods problem.

This set of exposure assessment, outcome ascertainment, and method selection challenges raises

the question – if individual-level exposure cannot be measured, if we do not know who is missing

from our health outcome data, if no community can be assigned to be exposed to a climate disaster

and thus no community can be assigned as an unexposed comparator, if intentional randomization

is impossible – how can we credibly infer causation in environmental epidemiology? This disserta-

tion contributes to the growing body of literature leveraging both novel data sources and methods

to begin to answer this fundamental question.

1.3 The methodological challenge.

In the absence of randomization or a clear comparison population, a central methodological prob-

lem in climate-disaster epidemiology becomes one of constructing credible counterfactuals from

observational data. Causal inference relies on comparing the outcomes that were observed fol-

lowing an exposure with those that would have been expected following the exposure – were the

exposure absent.66 Yet, we never observe this counterfactual and must instead approximate it.66

Under randomization, this is approximated by assignment. In some studies, this is approximated by

selecting an unexposed population that is believed to be similar to the exposed on all counfounding

characteristics. When neither of these are available, the comparison group must be created by the
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analytic design itself (Figure 1.1).57,59,66

Figure 1.1: Constructing counterfactuals using quasi-experimental methods. A conceptual
framework showing two different ways that quasi-experimental designs may leverage natural ex-
periments for causal inference.

1.3.1 Quasi-experimental designs.

Quasi-experimental designs offer one answer to this problem. Gaining traction in environmental

epidemiology, they enable the study of natural experiments – settings where some shock, such as

a disasater or policy – creates a natural contrast in exposure that, though not randomly assigned,

approximates random assignment due to its inherent exogeneity – meaning the timing or occur-

rence of the shock is unrelated to the factors that would otherwise determine the outcome.57,59

Instead of looking to a different population to serve as a comparator, many quasi-experimental

designs are self-controlled in that they exploit time within the exposed populations to compare it
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to itself. Leaning on the as-if-random timing of these shocks, these methods theoretically recover

causal effects in the absence of randomization or distinct comparison populations as they draw on a

source of variation that creates a “naturally occurring contrast between a treatment and comparison

condition.”59

Among the quasi-experimental methods commonly employed in environmental epidemiology, some

use a separate comparison group built to have as few confounders as possible with the group un-

der study. Difference-in-differences, generalized synthetic control designs, and the controlled in-

terrupted time series design, for example, build comparators used to evaluate effects.58,68,71 This

dissertation focuses on another class of quasi-experimental designs that are self-controlled, includ-

ing the time-stratified case-crossover study and the interrupted time series design. Both of these

designs have been successfully used in air pollution and environmental health research.19,61,72–75

The case-crossover and ITS designs share a common logic – each recovers the counterfactual

from the exposed unit’s own data across time, rather than from a separate comparison population.

They diverge, however, in what each holds fixed and what each allows to vary.

The time-stratified case-crossover design.

In the time-stratified case-crossover design, each individual serves as their own control across

time.72,76 For each day on which a case occurs, referent days are identified within the same year,

month, and matched on day of week, forming one matched stratum per case.73 Exposure on the

case (index) day is then compared to exposure on the matched referent days, conditional on the

stratum. Because each case serves as its own control, this design inherently controls for time-

invariant characteristics; because referent days are drawn from the same individual in the same

month and weekday, this matching also holds seasonality, day of week, and slow-moving secular

trends constant by design. As such, exposure status is theoretically the only feature that differs

between the case day and its referents.76 The counterfactual, then, is the case’s own expected

outcome across its matched, unexposed referent days.
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Using a time-stratified case-crossover design for causal inference comes with important assump-

tions. First, the exposure must be short-term and the outcome must be acute in its onset – allowing

for clear distinctions between index and referent days and ensuring that the effects from the event

would not span both the index day and other referent days that month.72,75 This design also as-

sumes that the within-stratum distribution of exposure is stationary, such that referent days repre-

sent the exposure the case would have experienced had the event been absent.73,76 Given these

features and assumptions, a time-stratified case-crossover is well-suited to study PSPS events –

events that are short-term and abrupt, allowing each PSPS event to be matched to nearby unex-

posed days that share its seasonal and weekly context, isolating the effect of the event itself.

The interrupted time series design.

In an interrupted time series design, the study population is held fixed and time moves forward

across a single, well-defined event. ITS designs model the outcome’s pre-event trend and attribute

post-event deviations from that trend to the event of interest, making them among the strongest

quasi-experimental approaches for evaluating events with clear, abrupt events – particularly valu-

able when no credibly comparable control units are available.61,74,77–79 The design exploits time

series data including measurements of an outcome collected both pre- and post-event at regular

intervals. The post-event time series represents the observed outcome. ITS designs use the pre-

event portion of the time series to estimate the counterfactual by modeling the temporal patterns

and projecting them forward to the post-event period. This projected post-event time series be-

comes the expected post-event time series, or the counterfactual. The fundamental comparison to

determine effect is between the observed post-event time series and the counterfactual post-event

time series – or what would have been expected had the event not occurred.61,77,79

Importantly, causal inference using an ITS design rests on several assumptions. The first is that

the event timing is clearly defined, that no other major event occurs concurrently with the event of

interest. Additionally, the design assumes that the pre-event temporal trends would have continued

if the event were not to have occurred.77

Considering these features and assumptions, the ITS design is well-suited to studying a discrete,
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large-scale disasters. In this dissertation, I use the design to study one such disaster – the 2025

Los Angeles wildfires – that interrupted an otherwise stable trajectory of healthcare utilization in a

defined population at a very precise, known point in time.

Comparing these two designs.

Both of these quasi-experimental designs compare what happened to what we would have ex-

pected to have happened in the absence of a specific, time-bound event. Further, they both gener-

ate that comparator using data from the exposed population rather than a separate control group.

The two methods differ, though, in what is held fixed. In the time-stratified case-crossover design,

each case is effectively fixed and compared only to itself – comparing exposure on an individ-

ual’s index day with exposure on their matched referent days, so the counterfactual is built from a

matched set of unexposed days within the same person. In an interrupted time series, the pop-

ulation is instead held fixed, and we look forward in time, projecting the pre-event trends into the

future to estimate the difference in what happened and what would have happened if the pre-event

trend were to continue without the interruption of the event.

Thus, while the case-crossover builds a counterfactual by matching unexposed periods for each

exposed case-day, the ITS builds a counterfactual by extrapolating a time series – and both com-

pare what happened to what would have happened without the event. Case-crossover designs

require unexposed days within the same unit to serve as a referent, making them well-suited to

intermittent or recurring exposures, such as PSPS events. Case-crossover designs, however, are

poorly suited to study a single, widespread shock that exposes everyone at once, therefore leav-

ing no unexposed period to compare against. On the other hand, ITS designs rely on a stable

pre-event trend that can be extrapolated forward to estimate what would have happened in the

absence of the event, making them well-suited to discrete, one-time shocks. ITS designs, though,

are less well-suited to study recurring exposures, since these repeated interruptions to the time

series disrupt the pre-event trend – making it challenging to forecast the counterfactual from it.
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1.3.2 Accessibility of these methods.

Successful application of these methods, however, relies on more than the study design being

appropriate, the statistical methods being sound, and the assumptions being met. It also relies

on researchers having the technical, computational, and methodological expertise to implement

the methods.80 Successful application often relies on robust and reproducible pipelines with rea-

sonable runtimes and well-documented analytic decisions.81,82 This is not always feasible. Many

researchers do not have access to a high-performance computing cluster or the time to develop

a systematic pipeline that is fully reproducible.80,81 Open-source software offers a solution to this

barrier. By developing reproducible, accessible, computationally efficient, and user-friendly soft-

ware, we can provide researchers with tools that facilitate the correct application of these valuable

methods, allowing more researchers to apply rigorous study designs to their data without special-

ized training and infrastructure.81,82 In addition to contributing to the methodological literature, this

dissertation translates one such method into an accessible, open-source package for researchers

to use.

This dissertation fills gaps in the substantive, methodological, and research practice literature sur-

rounding the study of climate and health – contributing to our knowledge of wildfires and closely

linked PSPS events, of quasi-experimental methods and causal inference, and of open-source

infrastructure for studies of this nature.

1.4 Aim 1: An implementation of the case-crossover study to examine PSPS events, wild-

fires, and healthcare utilization.

The first aim of this dissertation uses quasi-experimental methods to study the health impacts

PSPS events. PSPS events occur when public utility companies proactively de-energize power

lines to prevent them from causing or worsening wildfires.49 Power outages carry health risks on

their own. When they co-occur with the wildfires they are meant to prevent, wildfire smoke can

compound existing risks from an electricity outage.51 It is challenging, however, to study the health
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risks associated with PSPS events and co-occurrence with wildfires because these events often

suddenly occur, lack clear counterfactuals, and cannot be assigned at random. To tackle these

epidemiologic complications, in the first aim of this dissertation, we leverage a self-controlled de-

sign, the time-stratified case-crossover study, to assess the impact of PSPS events occurring with

and without simultaneous wildfire smoke on acute healthcare utilization in California from 2013 –

2019.

1.5 Aim 2: An implementation of the interrupted time series to examine the health effects

of the 2025 LA Fires.

The second aim of this dissertation studies healthcare utilization following the LA Fires. Wildfires

affect health through several pathways, most notably smoke exposure and community disruption.

The LA Fires, specifically, caused rapidly dispersing PM2.5 and widespread evacuation orders, both

with the potential to affect health.12,19 Studying this single, short climate shock is difficult because

no adequate comparator exists – no population was truly comparable to LA at that moment, no

other large urban center experienced a major fire during the same period, and complex seasonal

trends make the LA population in prior years an unreliable counterfactual. Yet these effects are

important to understand, as wildfires in the WUI – and those reaching urban populations – are pro-

jected to become increasingly common.6 To address this, this aim uses a two-stage ITS design with

machine learning to train models on extended pre-event time series of daily cause-specific emer-

gency department and hospitalization utilization at Kaiser Permanente Southern California (KPSC).

The approach then uses those models to predict expected post-event trends, which are compared

with observed post-event trends. By subtracting the observed utilization from the expected utiliza-

tion, we can estimate the change in acute healthcare utilization among KPSC members during the

week following the January 2025 LA fires’ ignition, further distinguishing between wildfire PM2.5

and evacuation zone exposure to better understand the underlying mechanisms.

15



1.6 Aim 3: An open-source Python package for a two-stage interrupted time series ap-

proach with machine learning.

The third aim of this dissertation generalizes the two-stage ITS with machine learning approach

from the second aim into an open-source Python package, its2s. Conducting the second aim

effectively required a rigorous, scientifically sound, and reproducible pipeline – which took signifi-

cant time, technical infrastructure, and computational expertise that research teams may lack. This

package, its2s, formalizes the approach into a user-friendly implementation that can be used out

of the box or configured for advanced users, with customizable model, event, and outcome specifi-

cations. The package also supports a reproducible workflow through systematic configuration files,

seed management, versioning of inputs and outputs, and parallelization. By lowering the barrier

to entry on this method, its2s expands the toolkit available for causal inference in natural experi-

ments. In this aim, we describe the methodological foundations and the package’s implementation

and demonstrate its use in two case studies.

1.7 Significance and innovation.

Together, the three aims of this dissertation advance quasi-experimental methods for studying

the acute health effects of climate disasters, with a focus on two increasingly common hazards –

wildfires and power outages. By treating these events as natural experiments, this work leverages

two methods – the time-stratified case-crossover and interrupted time series designs – to estimate

the effects of these disasters on healthcare utilization. In doing so, this work studies multiple

distinct pathways through which these exposures may affect healthcare utilization: wildfire smoke,

evacuation, physical proximity to burn zones, and the consequences of the PSPS events intended

to prevent ignition. The third aim generalizes the two-stage ITS with machine learning method

into an open-source software package, contributing a resource for the continued study of climate

disasters and health.

The following chapters will focus on (1) a time-stratified case-crossover analysis of wildfire PM2.5
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exposure and PSPS exposure on emergency department and inpatient care encounters across

California, (2) a two-stage interrupted time series with machine learning analysis of the 2025 LA

fires and healthcare utilization across the emergency department and inpatient settings, and (3) the

development of the ITS method into an open-source resource for environmental epidemiologists

and other researchers to study the effects of distinct events or interventions in the absence of

comparison populations.
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2.1 Abstract.

Background. To prevent wildfires, electric utilities may preemptively de-energize power lines (pub-

lic safety power shutoffs [PSPS]).83 These PSPS events may unintentionally harm health, partic-

ularly for those with pre-existing conditions like chronic obstructive pulmonary disease (COPD) or

who rely on electricity-dependent medical equipment. Health impacts may worsen further if a wild-

fire occurs despite the power shutoff. To assess the effect of PSPS events, wildfire fine particulate

matter (PM2.5) exposure, and their co-occurrence on cause-specific healthcare utilization.

Methods. We identified PSPS events in California from 2013–2019,84 categorizing magnitude

based on number of people without power by zip code. We leveraged zip code-level average

daily wildfire PM2.5 estimates85 and respiratory, COPD-specific, cardiovascular, and psychiatric

emergency department visits and unscheduled hospital admissions among adults aged 20+ from

the California Department of Health Care Access and Information.86 Using a time-stratified case-

crossover design, we estimated the impact of same-day and lagged PSPS events alone, wildfire

PM2.5 alone, and their co-occurrence on healthcare utilization.

Results. Severe PSPS events were associated with elevated odds of same-day respiratory en-

counters (OR = 1.06, 95% CI: 1.02, 1.11) and lag0-3 effects were similar. These associations

were stronger for COPD. Compared to no PSPS or wildfire exposure, joint PSPS and 10 µg/m3

higher wildfire PM2.5 was associated with higher odds of respiratory encounters (1.16 [95% CI:

1.10, 1.22]), with evidence of multiplicative interaction. Associations were null for cardiovascular

and psychiatric encounters.

Discussion. PSPS events may increase risk of respiratory events requiring acute care utilization,

especially when they co-occur with wildfire PM2.5.
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2.2 Introduction.

Climate change has accelerated, driving temperatures higher and increasing variability in precipi-

tation patterns. These higher temperatures and prolonged droughts increase the risk of wildfires.

Simultaneously, the number of people living in areas with high wildfire risk has grown.6,10 Coupled

with fire management practices that yield more available wildfire fuel,10 these factors have led to

increased wildfire frequency, severity, and population exposure in the Western United States.6,10,18

Wildfires impact human health and communities through direct damage and cascading conse-

quences.18 Residential proximity to wildfires and the fine particulate matter (PM2.5) from wildfire

smoke have been associated with adverse cardiorespiratory, neurological, and mental health out-

comes.16,25,34 Community-level consequences of wildfires include population displacement, dam-

age and destruction of homes and infrastructure, and, power outages, including public safety power

shutoffs (PSPS) initiated by utilities to prevent wildfires during periods of high winds and dry con-

ditions.32,48

Alone, power outages are associated with elevated healthcare utilization for injuries, hypothermia,

hyperthermia, cardiorespiratory outcomes, and mortality likely due to stress, lack of indoor thermal

control, reduced emergency and other communication, interrupted medical care, and loss of power

to electricity-dependent durable medical equipment (eDME).37–39 When the power goes out, peo-

ple cannot run air filtration systems, refrigerators, air conditioners, or other electricity-dependent

devices (e.g., nebulizer machines, oxygen concentrators).37 This can worsen indoor air quality,

threaten indoor climate control, and cause stress that may precipitate adverse health outcomes.

At particular risk are those reliant on eDME, as back-up batteries generally last <12 hours.43 Oxy-

gen concentrators, a device commonly used by those with chronic obstructive pulmonary disease

(COPD), often have a battery life of 3-4 hours.43 A narrative review found that failure of eDME, such

as ventilators or other respiratory devices, was responsible for acute respiratory and cardiovascu-

lar visits across several power outage studies.37 Beyond individual households, larger outages

disrupt shared community infrastructure – including traffic signals, water and sanitation systems,

pharmacies, cooling and warming centers, and healthcare facilities – amplifying the potential for

population-level health harm37.
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Failing electric infrastructure has caused several of California’s most devastating wildfires. De-

spite PSPS, wildfires can still occur. In fact, the co-occurrence of wildfires with power outages in

California increased from 2018–2020.46 Utility infrastructure may ignite wildfires when power lines

come into contact with trees or dry ground–typically as a result of high winds, such as California’s

strong Santa Ana and Diablo winds.87 Wildfires caused by electrical lines can be among the most

destructive,88 especially when these electrical lines serve dense population centers.

States have begun to adopt adaptive measures like PSPS to protect public safety from wildfires

caused by electric infrastructure. One such measure, implemented in California beginning in 2012

and increasingly in other states, is Public Safety Power Shutoff (PSPS) events.49,83 During a PSPS

event, electric utilities proactively de-energize power lines to prevent them from causing or worsen-

ing wildfires.49 No studies have evaluated the healthcare utilization impacts of PSPS events, which

can result in large populations losing power for >24 hours. While PSPS events are planned, they

may impact health similarly to unplanned outages.

PSPS events may also pose an amplified threat when wildfires still occur despite the shutoff, ex-

posing individuals to the adverse impacts of losing power and wildfire smoke exposure. This may

happen if a PSPS event is (1) used to prevent a wildfire from worsening, or (2) initiated to attempt

to reduce already high wildfire risk, but a wildfire still occurs nearby. The hazard of co-occurring

power outages and high concentrations of PM2.5 may have synergistic negative health impacts that

exceed the sum of their individual effects.

To our knowledge, no epidemiological studies have evaluated this co-exposure. Certain subpop-

ulations may be more vulnerable due to social and biologic risk factors. For example, those living

with COPD, who often rely on oxygen concentrators, may face disproportionate risks during power

outages and exceptional risk when wildfire smoke is also present.

This study aimed to assess the impact of PSPS events, wildfire PM2.5 exposure, and their co-

occurrence on respiratory, COPD, cardiovascular, and psychiatric acute healthcare utilization in

California from 2013–2019.
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2.3 Methods.

2.3.1 Study population.

In this zip code-level time-stratified case-crossover76 study in California, we used data on emer-

gency department visits and unscheduled hospital admissions among adults ≥ 20 years of age

from 2013 – 2019 from the California Department of Health Care Access and Information (HCAI),86

across 1,504 California zip codes where we had access to power outage data and at least one

healthcare encounter occurred (97% of zip codes) (Figure 2.4). Based on findings in prior power

outage and wildfire literature, we studied all-cause respiratory, COPD, cardiovascular, and psy-

chiatric healthcare encounters.18,37 This study was approved by the California Health and Human

Services Agency’s Committee for the Protection of Human Subjects (project number 2021-116).

2.3.2 Exposures and covariates.

PSPS data.

We measured exposure to PSPS events from 2013–2022 using data from PSE Healthy Energy,

which compiled historic PSPS events from three of California’s major energy providers, Pacific

Gas and Electric (PG&E), San Diego Gas and Electric (SDG&E), and Southern California Edison

(SCE).49,83 These three utility companies cover 88% of electrical customers in California89,90.

The PSPS dataset contains circuit-level information for each PSPS event across these three major

utilities. A circuit is a network of electrical lines that deliver electricity from a power source to a de-

fined service area of customers. A PSPS event may impact multiple circuits, so each circuit-event

had a start time, end time, duration, and number of customers impacted.49,83 Utility companies

may not de-energize an entire circuit, and a circuit may be energized and de-energized multiple

times throughout an event. Because we lacked information on these two characteristics of outages,

we assumed that the number of people affected were evenly spread across the impacted circuit

and were without power for the full duration of the circuit-event. Given the small geographic area
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covered by a circuit, exposure misclassification is likely minimal.

We overlaid these circuit-level data containing the number of customers affected49,83 with high-

resolution gridded estimates of population from the 2020 census in California91 to estimate the

number of people theoretically served by each circuit. We then determined the number of cus-

tomers impacted on a circuit and proportionally split them between zip codes. We used this infor-

mation to derive our exposure of interest, the total number of customers impacted each day of a

PSPS event in each zip code (referred to as our absolute metric in this paper). We examined both

(1) same-day PSPS event exposure and (2) same-day + prior 3-days (lag0-3, rolling average for

days 0-3) PSPS event exposure. We chose this lag period because while most COPD exacerba-

tions occur quickly (same-day), some may be delayed (median of 4 days). For this reason, as well

as the long duration of PSPS events, we assessed exposure over a 4-day period92.

We classified event severity by the number of customers without power because larger outages

affect more people and impose broader disruption on shared community infrastructure, making

them more likely to produce population-level health effects37. Based on tertiles of these counts for

each of these, we categorized the magnitude of PSPS events at the zip code level for both same-

day and lag0-3 exposure as mild, moderate , or severe for each zip code-event (Table 2.1). Most

events exceeded a day, and the median duration was 86 hours. The PSPS tertiles for both exposure

metrics were calculated at the zip code-event level to equally weight longer and shorter events and

base the magnitude of severity on number of customers without power rather than duration. We

also expected reduced exposure measurement error when moving from mild to moderate to severe

PSPS events, as more people within a specified zip code were truly exposed during severe events.

Exposure window Metric Mild Moderate Severe
Same-day Absolute (customers out) ≤ 61 62–593 > 593
Same-day Relative ≤ 1 2–145 > 145
Lag0−3 Absolute (customers out) ≤ 45 46–458 > 458
Lag0−3 Relative ≤ 1 2–139 > 139

Table 2.1: PSPS exposure classification. PSPS exposure zip code-level magnitude classifica-
tion cutoffs. PSPS, public safety power shutoff

Because of highly variable population counts within zip codes, we also constructed a secondary
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metric meant to measure the relative magnitude of severity of the PSPS event (referred to as our

relative metric). This metric was computed by multiplying the total number of customers without

power by the proportion of customers affected in each zip code (supplemental methods). We

again created tertiles of exposure at the zip code-event level (supplemental methods). Our primary

analysis focuses on the absolute metric for the simplicity of interpretation.

Finally, in a secondary analysis, we constructed a metric of PSPS duration. To do this, we calcu-

lated a lag0-6 day PSPS exposure as the total number of hours without power by zip code in the

week prior to the index or referent day.

Wildfire smoke data.

We used daily wildfire PM2.5 estimates at the zip code level.85 The estimates were modeled using

a set of machine learning models with multiple predictor variables, including air quality monitor

data, aerosol optical depth, land cover, and meteorological conditions, to produce daily PM2.5 con-

centrations.85 Wildfire-specific PM2.5 was then calculated by imputing non-wildfire-related PM2.5

concentrations using a chained random forest algorithm and taking the difference between these

values and modeled PM2.5 concentrations. When comparing the observed PM2.5 concentrations

across all US Environmental Protection Agency Monitoring sites versus modeled PM2.5 concentra-

tions, Aguilera et al. reported R2 = 0.83. We used same-day wildfire PM2.5 exposure for same-day

models, and lag0-3 averaged wildfire PM2.5 exposure for lag0-3 models.

Temperature data.

We linked gridded (4km grid) daily maximum temperature data from gridMET extracted at the lo-

cation of zip code population-weighted centroids to the index or referent day as a confounder.93
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2.3.3 Outcomes.

Our outcome data relied on HCAI individual-level emergency department visits and unscheduled

(unplanned/emergency) hospital admissions from 2013–2019, which included date of admission,

associated diagnoses based on International Classification of Diseases, Ninth Edition (ICD-9) and

Tenth Edition (ICD-10) codes, hospital zip code, and patient’s residential zip code. When a patient’s

zip code was missing, we used the zip code of the hospital (n = 10,727 [ 0.09%] cases).

Using primary diagnosis codes, we identified combined daily counts of emergency department

visits and unscheduled hospital admissions for the following causes: all-cause respiratory, COPD,

cardiovascular, and psychiatric (Table 2.3). Diagnostic codes outside the primary position were not

used. We chose these cause groups based on previous research of power outages and health.37

We excluded scheduled hospitalizations (e.g., planned/elective admissions) and visits among those

19 years and younger. As such, our analysis includes emergency department visits without hos-

pitalization and acute hospital admissions, the latter typically originating in the emergency depart-

ment. We refer to emergency department visits and hospital admissions as encounters for ease

of reading throughout this paper.

2.3.4 Statistical analysis.

This study examined the association between PSPS events alone, same-day and lag0-3 wildfire

PM2.5 alone, and their joint impacts on all-cause respiratory, COPD, cardiovascular, and psychi-

atric emergency department encounters and hospitalizations. We assessed same-day and lag0-3

exposures. Patient index and referent days in this case-crossover study were linked to exposure

data using zip code and date. The date of emergency department visit or hospital admission was

considered the index day. We selected referent days for every index day by matching on zip code,

day of week, month, and year. In other words, if an index encounter occurred on a Monday in Jan-

uary 2015, all other Mondays in January 2015 except for the day of the hospital encounter, were

considered referent days.
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The outcome was whether a case (ED visit or hospitalization) occurred for an individual on that

day. For each day with at least one case (index day), we identified matched referent days within

the same calendar month (all same weekdays) and created one matched stratum for each case.

We then compared PSPS exposure on index days versus on referent days within the zip code

where the individual with the case lived using conditional logistic regression while accounting for

the matched strata. Each individual served as their own control across time.

Case-crossover studies are commonly used to evaluate short-term exposures and acute outcomes,

as they inherently control for time-invariant confounding factors; the time-stratified referent days

control for day-of-week and seasonality.76 The primary analysis examined the effects of severe

PSPS events using an absolute exposure metric and continuous wildfire PM2.5. Secondary analy-

ses examined mild and moderate PSPS events, a relative PSPS exposure metric, and continuous

wildfire PM2.5. Because PSPS events typically last more than 24 hours, we performed this analysis

between both same-day and lag0-3 PSPS and wildfire PM2.5 exposure and healthcare encounters.

Using a single conditional logistic regression model for each health endpoint, we examined the

association between (1) a PSPS event alone, (2) wildfire PM2.5 alone, and (3) co-occurring PSPS

event and wildfire PM2.5 exposure and cause-specific emergency department visits and hospital

admissions, accounting for the matched strata of index days and referent periods (more details

and equation in supplemental methods). Each model included PSPS event exposure, wildfire

PM2.5 exposure modeled using a linear term per 10 µg/m3, an interaction term between PSPS

event and wildfire PM2.5 exposure to assess multiplicative interaction, and a natural cubic spline

with three degrees of freedom on same-day maximum temperature (selected based on best model

fit to account for the potential nonlinear relationship between temperature and health outcomes)

(supplement). We assessed co-exposure in two ways: (1) multiplicative scale interaction effect - the

deviation from the expected combined effects of PSPS and wildfire PM2.5 on a multiplicative scale;

and (2) joint effect - total risk of both hazards when they co-occurred (supplement). In secondary

analyses, we ran all models for three separate age groupings: (1) all ages over 20 years, (2) 20-64

years old, and (3) 65+ years old.

To account for the possibility that longer PSPS events may have greater health impacts, in our
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secondary analysis, we ran a model with a linear term for total number of hours without power in

the prior week (lag0-6) as our main PSPS effect. We accordingly parameterized wildfire PM2.5 as a

lag0-6 day average for consistency. All modeling methods were otherwise the same.

R version 4.4.2 and Python version 3.13.0 were used for all analyses. Code is available on GitHub.

2.4 Results.

2.4.1 Health data description.

This study included emergency department visits and unplanned hospital admissions from 2013–

2019 among California residents ≥ 20 years old (Tables 2.2 and 2.4). We studied four endpoints:

respiratory encounters (n=6,682,821), COPD encounters (n=516,427), cardiovascular encounters

(n=2,913,338), and psychiatric encounters (n=1,943,709). Overall, 68.70% of encounters were

emergency department visits, while 31.30% were unplanned hospital admissions (Table 2.2).

Table 2.2: Emergency department and unplanned hospitalization counts. Emergency depart-
ment visits (without hospitalization) or unplanned hospital admissions by type of encounter from
California Department of Health Care Access and Information from 2013–2019. COPD, chronic
obstructive pulmonary disease

During the 7-year study period, there were 11,293 zip code-days with PSPS events (Figure 2.1),

and most were classified as ’severe’. Overall, 876 of the 1,721 zip codes in California experienced

at least one PSPS event in the study period (Figure 2.4). Most PSPS events occurred in the

summer and fall (Figure 2.5).
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Figure 2.1: Exposure assessment for PSPS events and wildfire PM2.5. Number of days with
(A) PSPS events alone, (B) wildfire PM2.5 alone, and (C) joint PSPS–wildfire PM2.5 exposure from
2013 – 2019 by California zip code. These maps are mutually exclusive, meaning that the left
panel shows number of days with only PSPS events, the middle panel shows number of days
with only wildfire PM2.5, and the right panel shows days when joint exposure occurred. Zip-days
were defined as having wildfire PM2.5 when wildfire PM2.5 was > 0 . This study included zip codes
served by the three major energy providers in California – PG&E, SDG&E, and SCE49 comprising
approximately 75% of California electrical customers. PSPS, public safety power shutoff

We examined our secondary exposure, wildfire PM2.5, independent from and concurrent with PSPS

events. Among index days, the mean wildfire PM2.5 during a severe PSPS event was 3.30µg/m3,

while the mean wildfire PM2.5 on non-PSPS days was 0.50µg/m3. Among referent days, the mean

wildfire PM2.5 during a severe PSPS event was 3.06µg/m3, while the mean wildfire PM2.5 on non-

PSPS days was 0.50µg/m3 The average wildfire PM2.5 concentration during index days among all

four outcome categories was generally similar (Figure 2.3; Table 2.5). There were 1,229,438 (27%)

zip code-days where there was any wildfire PM2.5 from 2013 – 2019 and 7,656 zip code-days with

any wildfire PM2.5 and a PSPS event (Figure 2.1).

We identified 8,237 respiratory, 965 COPD, 5,304 cardiovascular, 2,276 psychiatric index days

exposed to a same-day PSPS event (mild, moderate, or severe) (Table 2.5, Figure 2.3; lagged
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values in Table 2.6).
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Figure 2.2: Index days by same-day exposure status. Index days were days when a health-
care encounter for all-cause respiratory, COPD, cardiovascular, or psychiatric endpoints occurred.
Wildfire PM2.5 exposure represents the mean wildfire PM2.5 concentration on that day. PSPS event
magnitude (mild/moderate/severe) was classified using tertiles. PSPS events were classified as
mild for those affecting ≤ 61 people, moderate for those with > 61 and ≤ 593 customers without
power, and severe for those with > 468 customers without power. COPD, chronic obstructive pul-
monary disease; PSPS, public safety power shutoff

2.4.2 Respiratory morbidity.

We found that days with severe magnitude PSPS events and no wildfire smoke were associated

with an elevated same-day odds of a respiratory emergency department visit or hospital admission

(absolute: OR = 1.06, 95% CI: 1.02, 1.11) (Figure 2.2). Respiratory emergency department visits

or hospital admissions were not elevated following lag0-3 PSPS exposure.

A 10 µg/m3 increase in same-day and lag0-3 average wildfire PM2.5, in the absence of PSPS events,

were each associated with higher odds of a respiratory emergency department visit or hospital

admission (same-day: OR = 1.01 [95% CI: 1.01, 1.01], lag0-3: OR = 1.02 [95% CI: 1.01, 1.02])
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(Figure 2.2).

Considering the joint effects, compared to no PSPS event and no wildfire PM2.5 exposure, we

estimated that same-day severe PSPS event co-occurring with 10 µg/m3 higher wildfire PM2.5 was

associated with higher odds of a respiratory emergency department visit or hospital admission

(1.16 [95% CI: 1.10, 1.22]) (Figure 2.2). We found evidence of multiplicative interaction between

severe PSPS events and wildfire PM2.5 on respiratory emergency department visits or hospital

admissions (1.08 [95% CI: 1.02, 1.14]) (Figure 2.2). Results were similar for lag0-3 exposures,

where we detected evidence of multiplicative interaction between severe PSPS events and wildfire

PM2.5 on respiratory emergency department visits or hospital admissions (1.12 [95% CI: 1.04,

1.20]) (Figure 2.2).

When we isolated COPD encounters, we observed stronger PSPS associations. We estimated

that those exposed to a same-day severe magnitude PSPS event had 1.29 (95% CI: 1.15, 1.44)

times higher odds of a COPD-related emergency department visit or hospital admission (Figure

2.2). Lagged effects were similar, but smaller in magnitude (1.14 [95% CI: 1.02, 1.27]).

For COPD encounters alone, compared to those exposed to neither a magnitude PSPS event nor

wildfire PM2.5, exposure to co-occurring severe PSPS event and 10 µg/m3 higher wildfire PM2.5

was associated with higher odds of emergency department visits or hospital admissions (same-

day OR = 1.37, 95% CI: 1.19, 1.58; lag0-3 day OR = 1.36, 95% CI: 1.15, 1.60 Figure 2.2). There

was potential evidence of multiplicative interaction between severe PSPS events and wildfire PM2.5

exposure that was more apparent for lag0-3 exposures (1.18 [95% CI: 0.98, 1.41]).
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Figure 2.3: Association between severe PSPS events and emergency department visits
and hospital admissions. Odds ratios and 95% confidence intervals for the association be-
tween zip code-level severe PSPS events and all-cause respiratory-, COPD-, cardiovascular-, and
psychiatric-related emergency department visits and hospital admissions in California from 2013
– 2019. Estimates are from separate conditional logistic regression models for each outcome. All
models include PSPS event exposure, wildfire PM2.5 exposure, an interaction term between PSPS
event and wildfire PM2.5 exposure, and a spline on mean daily temperature. Exposures are param-
eterized as same-day or lag0-3, with exposures averaged over lag0-3. COPD, chronic obstructive
pulmonary disease; PSPS, public safety power shutoff *Note: The estimate for the interaction effect repre-
sents the additional multiplicative effect of joint exposure to wildfire PM2.5 and PSPS event on the outcome of interest.
It should not be interpreted as an odds ratio in isolation, but is rather a ratio of odds ratios.

Respiratory main effects were consistent across all age strata, however, evidence of multiplicative

interaction was present for those ages 20-64 years, but not in older adults (Figures 2.6, 2.8, 2.10).

When isolating COPD, the effect of severe PSPS event, as well as the joint effects of severe PSPS

event and wildfire PM2.5, were stronger in adults ages 65 years and older (Figures 2.6, 2.8, 2.10).
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2.4.3 Cardiovascular morbidity and psychiatric disorders.

We did not observe an association between same-day or lag0-3 mild, moderate, or severe magni-

tude PSPS events alone, wildfire PM2.5 exposure alone, or co-occurring PSPS events and wildfire

PM2.5 exposure and cardiovascular-related or psychiatric disorder-related emergency department

visits or hospitalizations (Figures 2.2 and 2.4). This was consistent in age-stratified models as well

(Figures 2.6, 2.8, and 2.10).

2.4.4 Secondary analysis.

In a secondary analysis, we assessed a relative metric of exposure to severe PSPS events (Tables

2.5 and 2.6), and results were similar to those using the absolute exposure metric (Figures 2.7,

2.9, and 2.11). We also examined a relative metric for mild and moderate magnitude PSPS events,

and neither they nor their interaction with wildfire PM2.5 exposure were associated with any type of

emergency department visit or hospital admission (Figures 2.7, 2.9, and 2.11)).

In a secondary analysis using a lag 0-6 day PSPS duration metric, we did not observe an asso-

ciation between PSPS duration and any healthcare encounters. We found modest evidence of

multiplicative interaction between 8-hour longer PSPS duration and wildfire PM2.5 for respiratory-

and COPD-related encounters for those under 65 years of age (respiratory OR = 1.01, 95% CI:

[1.00, 1.01]; COPD OR = 1.01, 95% CI: [1.00, 1.03]) (Figure 2.12). These results were null for

older adults (Figure 2.12).

2.4.5 Sensitivity analysis.

In a sensitivity analysis where PSPS exposure was parameterized as a continuous measure of

total customers impacted, we found that for each additional 1,000 customers without power during

a PSPS event, odds of all-cause respiratory emergency department visits or hospital admissions

increased (same-day: OR = 1.02 [95% CI: 1.01, 1.02], lag0-3: OR = 1.01 [95% CI: 1.00, 1.01])
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(Figure 2.13). When we isolated COPD encounters, as in primary analyses, associations were

stronger (same-day: OR = 1.06 [95% CI: 1.04, 1.07], lag0-3: OR = 1.02 [95% CI: 1.00, 1.05]) (Figure

2.13). Consistent with primary analyses, associations for continuous PSPS event exposure were

null for cardiovascular- and psychiatric-related emergency department visits or hospital admissions.

2.5 Discussion.

As California’s wildfire frequency and severity have increased, electric utilities have initiated more

preemptive power shutoffs (PSPS events) to reduce fire risk and spread.53 In California from 2013–

2019, we found severe magnitude PSPS events were associated with same-day all-cause res-

piratory and COPD-specific, but not cardiovascular or psychiatric, emergency department visits

and hospital admissions. Wildfire PM2.5 exposure alone was also only associated with same-day

all-cause respiratory and COPD-specific encounters. The association between PSPS events and

respiratory endpoints was stronger in the presence of wildfire PM2.5 exposure, especially for COPD.

While both power outages and wildfire smoke are associated with adverse health outcomes, their

joint effects are understudied, despite a rise in co-occurrence46 and potential for more than additive

health effects. Several studies found that power outages appear to amplify the health effects of

co-occurring extreme heat, storms, wind events, and floods.39,41,94–96 We found evidence of multi-

plicative interaction between PSPS events and wildfire PM2.5 on respiratory healthcare utilization,

particularly for COPD. The higher joint effect for COPD was driven by a stronger relationship be-

tween PSPS events and COPD encounters than all-cause respiratory encounters. The multiplica-

tive interaction was of similar magnitude for COPD and all-cause respiratory encounters. These

findings suggest that climate-driven hazards may be risk multipliers for power outage events.

Limited large-scale epidemiological studies have evaluated the relationship between any type of

power outage and health.37–39,42,43,97 Generally, health risks appear to rise moderately follow-

ing power outages, with some evidence that the highest risk is concentrated among those using

eDME.37–39,42,43,52 In the days following a power outage, most, but not all,39,98 studies in New
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York State and Florida have found increased risk of emergency department visits or hospitaliza-

tions for respiratory illness,96,99,100 COPD,96,97 cardiovascular disease,100 food and water-borne

disease,100 injury,38 renal disease,99 and carbon monoxide poisoning.38 Our results for severe

magnitude PSPS events and respiratory encounters align with most existing literature, as do our

null results for cardiovascular disease,39,98 suggesting power outages result in acute respiratory,

more often than cardiovascular, disease. We found no association with psychiatric encounters,

despite participants in two qualitative studies reporting increases in worry, anxiety, and stress fol-

lowing a power outage.101 Although people report worry around PSPS events,102 their symptoms

may not rise to a level warranting emergency psychiatric medical care.

The population health literature around PSPS events remains sparse.88,102 Motor vehicle crashes

appear largely unchanged during these events88 but no studies have evaluated other health out-

comes. PSPS events differ from other power outages in their widespread and prescribed nature.

The California public utilities commission requires utilities to alert customers of PSPS events in

advance, potentially preventing adverse health events that may occur during unplanned outages.

Because numerous states now initiate PSPS events, future work must evaluate their impacts on

health to inform cost-benefit decision making.

Prior studies have found individuals reliant on eDME, older adults, and those with versus without

pre-existing conditions are at higher risk following power outage exposure.37,41,43,88,100,103 PSPS

events likely pose particular danger to COPD patients, given their reliance on eDME, sensitivity to

temperature and humidity changes, and frequent comorbidities.37 Our findings are consistent with

this; we found the strongest associations between PSPS events and emergency department visits

and hospitalizations were for COPD encounters, particularly among older adults. A large portion

( 10%) of those with COPD rely on long-term oxygen therapy.104,105 In New York State, power

outages were associated with increased risk of COPD-related hospitalization, and power outages

appear to mediate the association between severe weather and COPD healthcare utilization.97,106

Because COPD affects an estimated 4.4% of Californians,107 future studies should focus on this

population and protecting their health during PSPS and wildfire smoke events.
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Short-term wildfire PM2.5 exposure has been associated with increased risk of respiratory hos-

pitalizations and ED visits, but not consistently with cardiovascular encounters.16 Studies have

also identified associations between short-term wildfire PM2.5 exposure and COPD hospital en-

counters.17,25,108,109 Results are mixed for mental health-related healthcare utilization, with some

evidence of same-day increases.24,26,27 Our study generally agrees with this existing literature.

The majority of epidemiological studies on power outages have constructed binary power outage

metrics. These metrics defined a power outage as a percentage of individuals without power (e.g.,

5%) within a specific geographic unit.38,39,96–98,100 Others considered everyone in an affected area

as exposed (e.g., New York during the 2003 blackout).99,110 One study used outage data at specific

skilled nursing facilities.111

Our power outage exposure assessment deviated in several key ways from previous studies. First,

we evaluated only PSPS events, which are always planned, proactive cuts to power. The deci-

sion to initiate a PSPS event reflects balancing of the societal risks stemming from wildfires and

the costs of the PSPS event itself.53 Power utility companies are required to inform customers in

advance and take precautions to mitigate the impacts of the outage, such as providing access to

Community Resource Centers where individuals can charge devices and access WiFi.88 Histor-

ically, PSPS events last longer than other types of power outages. Importantly, unlike previous

studies, our primary exposure metric was based on counts of customers without power, rather than

duration. This is because nearly all PSPS events lasted longer than 8 hours, the cutoff generally

used in previous health studies.38,46 We found that only severe PSPS events, those impacting

> 468 customers, were associated with acute healthcare encounters. In a secondary analysis,

PSPS duration appeared a less pertinent exposure, as we found null effects nearly universally

with a duration-only based exposure, suggesting household count affected is a key health-relevant

component of PSPS exposure.

Limitations.

This study had several limitations. The exposure assessment leveraged power utility data at the

circuit level, we lacked individual-level exposure data. Despite circuit-level exposure assessment
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being a major improvement on power outage exposure assessment, our assumption that customers

were evenly distributed across electrical circuits risks introduction of exposure misclassification.

To minimize this, future studies should consider linking individual household location information if

available. A second limitation of our exposure assessment is that we aggregated circuit-level data

to the zip code level, leading to some exposure misclassification. Further, we assigned exposure

at the residential zip code-level but could not ensure that an individual was home during a PSPS

event. Individuals may relocate to access power during PSPS events, potentially increasing smoke

exposure when traveling outdoors. Finally, our null findings for mild and moderate events may

reflect greater exposure misclassification in these categories. Because event severity is defined by

the number of people experiencing outages, zip codes classified as exposed to mild or moderate

events have fewer residents who actually lost power compared to zip codes exposed to severe

events62. Importantly, we cannot determine whether exposure misclassification was correlated

with wildfire smoke levels. Such correlation could arise if, for example, rural areas with larger

circuits (and thus greater misclassification) also experienced higher smoke concentrations, though

we lack data to assess this possibility. If present, such correlation would not necessarily bias results

toward the null.

Second, the average duration of PSPS events spanned multiple days. To account for this, we

examined same-day and lag0-3 day exposures. Future studies may wish to consider more varied

lagged effects of PSPS events and wildfire PM2.5 exposure.

Third, our study period (2013–2019) spanned a time when PSPS events were relatively new and

less frequent. Further, in recent years, multiple major California wildfires have been linked to failing

utility infrastructure, including the Dixie Fire (2nd largest, caused by PG&E power lines) and the

Eaton Fire (5th deadliest, suspected to be caused by SCE equipment), yet neither had PSPS events

initiated. This underscores the need for further study of the interplay between wildfire events, PSPS

events, and population health.

Fourth, we captured only individuals aged 20 years and older who visited an emergency department

or hospital. Individuals who seek healthcare may systematically differ from those who do not.
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Outside hospital mortality was also not accounted for. Additionally, PSPS events may delay care-

seeking behavior, and while we only assessed same-day visits, future research should consider

longer periods. Because effects in children may differ, future studies should include information on

their healthcare.

Fifth, our healthcare utilization categories were broad (respiratory, COPD, psychiatric, and cardio-

vascular). This may explain our null results for psychiatric endpoints. There is wide discrepancy in

care-seeking behavior for some psychiatric endpoints, such as depression compared to substance

abuse. Further, we grouped emergency department visits with hospital admissions, however the

decision to seek care in these settings differs. Patients or families decide to seek care in the case

of emergency department encounters, whereas an admitting physician decides to admit a patient.

Future studies may wish to disaggregate the types and causes of encounters.

Further, we could not differentiate emergency department and inpatient admission visits due to

data limitations, which may have massked different patterns in these two care settings.

Sixth, healthcare utilization may be disrupted by PSPS events. While hospitals have backup gener-

ators, they may still be at risk when diesel cannot be refueled, or generators do not supply sufficient

power for all hospital operations. Utilities should coordinate more closely with California healthcare

systems when deploying PSPS events.112

Finally, in an observational study, unobserved confounding may remain. Our case-crossover de-

sign effectively handled time-invariant confounding, but short-term time-varying confounders be-

yond daily ambient temperature, which we controlled for, may remain.

Conclusion.

In the US, the prevalence of wildfires and co-occurring power outages is increasing46,113. Since

2022, states other than California have also implemented PSPS events, including Washington,

Oregon, Idaho, and Hawaii83 in response to growing wildfire risk. Our study provides the first

analysis of these co-occurring hazards related to health events that require acute care utilization.

As the US population ages and more individuals rely on eDME, understanding the respiratory health
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implications for PSPS events alone and alongside wildfire PM2.5 will allow mitigation strategies that

reduce rather than elevate risks to human health.

2.6 Supplemental methods.

2.6.1 Circuit-level data description.

The PSPS dataset contains circuit-level information for each PSPS event across California’s three

major utilities (Pacific Gas and Electric Company [PG&E], San Diego Gas & Electric [SDG&E], and

Southern California Edison [SCE]). A circuit is a network of electrical lines that delivers electricity

from a power source to a defined service area of customers. A PSPS event may impact multi-

ple circuits, so each circuit-event had a start time, end time, duration, and number of residential

and commercial customers impacted. The circuits were provided as geospatial polygons with an

18-meter buffer around the circuit polyline that was approximated to include all customers poten-

tially served by that circuit. The PSPS dataset contained the number of customers affected by

each outage along the circuit. The data contained information on both commercial and residential

customers.

We overlaid these circuits with high-resolution gridded estimates of population from the 2020 cen-

sus in California to estimate (1) the number of customers theoretically served by the circuit, and (2)

the number of customers affected and the number of people served at the zip code level. In the

absence of more detailed information on customer distribution, we assumed an even distribution of

customers across the circuit and performed two spatial overlays of the circuits with the gridded pop-

ulation data. The first used the number of customers impacted on a circuit and split them across

zip codes proportional to the overlapped area between the zip code and the circuit, to calculate

the number of customers impacted during a circuit-event for each zip code. The second used the

population pixels that intersected with each circuit to determine the population served by the circuit

and split them across zip codes in the same way to calculate the number of customers served by a

circuit for each zip code. By summing the corresponding numbers across all PSPS circuit-events

by zip code, we calculated the number of customers impacted and the population served on each
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zip code for each PSPS event. Notably, the population served (denominator) remained constant

from event to event, while the customers impacted (numerator) changed.

This analysis includes approximately 1,500 zip codes, most of which intersect with several circuits

(median = 11, mean = 15; 93% intersect ≥2 circuits). Additionally, most circuits span multiple zip

codes (median = 2; 31% span ≥3 zip codes). In areas included in this study, the median zip code

population (∼10,700) is about five times the median circuit population (∼2,000).

2.6.2 Absolute (primary) and relative (secondary) PSPS exposure metrics.

We derived and included two daily-zip code exposure metrics meant to capture different aspects of

PSPS events. The first metric was the total number of customers impacted in each zip code (ab-

solute metric). Because of highly variable population counts within zip codes, we also constructed

a secondary relative metric meant to measure the severity of the PSPS event. The secondary

metric was computed by multiplying the total number of customers without power (absolute metric)

by the proportion of customers affected in each zip code (total number of customers without power

divided by total customers served) to generate the relative metric. This metric was meant to cap-

ture both the total number of customers out (as represented in the absolute metric) and the how

widespread the power outage was in the zip code – as both aspects of the power outage could

influence healthcare utilization. This proportion was calculated using the numerator and denom-

inator described in the Circuit-level data description. Exposure for both metrics was categorized

as no exposure or mild, moderate, or severe exposure based on rounded tertiles of the non-zero

exposure values of each metric for each event-zip code. For our primary metric, the magnitude of

same-day PSPS events were classified as mild when ≤ 61 customers were without power, moder-

ate when the number of customers without power was < 61 and ≤ 593, and severe when > 593

customers were without power. For our secondary metric, magnitude for same-day events was

again classified as mild (when our relative metric was ≤ 1), moderate (1 < relative metric ≤ 145),

or severe (when our relative metric was > 145). For our primary metric, the magnitude of lag0-3

PSPS events were classified as mild when ≤ 45 customers were without power, moderate when

the number of customers without power was < 45 and ≤ 458, and severe when > 458 customers
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were without power. For our secondary metric, magnitude for lag0-3 events was again classified

as mild (when our relative metric was ≤ 1), moderate (1 < relative metric ≤ 139), or severe (when

our relative metric was > 139). These tertiles were calculated at the event-zip code level to ensure

equal weighting of longer and shorter events and retain the basis of the severity evaluation being

on number of people rather than duration.

Given the variability in zip code size, these absolute and relative metrics enabled us to measure

exposure to PSPS outages, both in terms of the actual number of customers affected (absolute)

and in terms of the portion of customers affected (relative). We leveraged the absolute metric for

the primary analysis, and used our relative metric for a secondary.

The PSPS dataset included customers rather than individual people impacted. Customers im-

pacted included both commercial and residential customers, meaning businesses and residences

(e.g., individual apartments, single-family residences). This means that our primary exposure met-

ric reflected the number of customers affected, not the number of people affected. For our sec-

ondary relative metric, the numerator included customers impacted, while the denominator relied

on gridded population data representing individual people. This meant we consistently underes-

timated the proportion of people without power, but we do not expect this to be differential with

respect to outcomes.

2.6.3 Model equation.

Regression Equation

log
(

pij

1 − pij

)
= αi + β1 · PSPSij + β2 · PM2.5,ij + β3 · (PSPSij × PM2.5,ij) + f(Tempmax,ij) (2.1)

where: pij = P (Yij = 1|Xij , Cij) for a case (j = 1) or a control (j = 0) in stratum ij. i represents

each stratum and j represents a case or control in that stratum.
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Parameter Definitions

• αi: stratum-specific intercept that accounts for the baseline risk of the health outcome in each

stratum, or matched set in this case.

• β1: log odds ratio for emergency department visit or hospital admission associated with ex-

posure to a PSPS event (binary indicator), assuming no wildfire PM2.5 exposure and adjusted

for temperature

• β2: log odds ratio for emergency department visit or hospital admission per 10 µg/m3 higher

wildfire PM2.5 concentration, assuming no PSPS event exposure and adjusted for tempera-

ture

• β3: log odds ratio for the multiplicative interaction between PSPS event exposure and wildfire

PM2.5 (per 10 µg/m3). This is the additional effect of 10 µg/m3 higher wildfire PM2.5 in the

presence of a PSPS event.

• f(Tempmax): natural cubic spline with 3 degrees of freedom for daily maximum temperature.

PSPS event exposure and wildfire PM2.5 exposure represent either same-day or lag0-3, for each of

the two main analyses – the timing of the two exposures is always parameterized consistently. The

joint effect of a PSPS event and 10 µg/m3 higher PM2.5 exposure was calculated as: β1 + β2 + β3.

2.6.4 Secondary analysis using outage durations.

While we omitted duration from our primary analysis, longer PSPS events are likely to have greater

health impacts. To assess this, we conducted a secondary analysis where we used number of

hours without power in the prior week, irrespective of the number of affected households, as our

primary PSPS exposure.

To calculate daily PSPS outage duration by zip code, we expanded each PSPS event to hourly

intervals based on its start and end times. We rounded the start time down and the end time up to
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the nearest hour. We then de-duplicated overlapping hours across events within the same zip code

to avoid double-counting hours when multiple PSPS events affected the same zip code during the

same hour. Finally, we aggregated the unique outage hours to the daily level in order to generate

the number of hours out per zip code-day (maximum 24 hours per day due to no double-counting

hours). We then summed the number of hours without power in the week prior to index or referent

day and used this as the PSPS exposure in our models.
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2.7 Supplemental tables.

Health endpoint ICD-9 Codes ICD-10 Codes
Respiratory 460-466, 471, 472, 477, 478, 480-487,

490-496, 511, 513-519, 786
J00-J06, J12-J18, J20-J22, J30, J31,
J33, J34, J38, J39, J40-J47, J80-J86,
J90-J92, J94, J96-J99, R04-R07, R09

COPD 491-492, 496 J41-44
Cardiovascular 390-398, 401-417, 420-429, 440-449 I00-I02, I05-I16, I20-I28, I30-I5A, I70-

I79
Psychiatric 290-293, 295, 296, 298 F06, F10-F16, F18-F21, F23, F25,

F28-F33

Table 2.3: International Classification of Disease, Ninth Edition (ICD-9) and Tenth Edition
(ICD-10) codes. used in analysis, by medical condition. COPD, chronic obstructive pulmonary
disease.
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Table 2.4: Demographic characteristics of emergency department visits or hospitalizations.
included in the study in California from 2013–2019. Each observation represents a single visit,
so individuals with multiple visits appear multiple times. COPD, chronic obstructive pulmonary
disease.
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Table 2.5: Index days by same-day exposure status, absolute and relative metrics. Index
days by same-day exposure status. Index days are days when a healthcare encounter for all-cause
respiratory, COPD, cardiovascular, or psychiatric endpoints occurred. Wildfire PM2.5 exposure rep-
resents the mean wildfire PM2.5 concentration on that day. PSPS event magnitude (mild/moder-
ate/severe) were classified using tertiles for both absolute and relative metrics. For our absolute
(primary) metric, mild events were those affecting ≤ 61 people, moderate were those where the
number of customers without power was > 61 and ≤ 593, and severe was defined as events where
> 593 customers were without power. For our relative (secondary) metric, magnitude was classi-
fied as mild when our relative metric was ≤ 1, moderate when 1 < relative metric ≥ 145, or severe
when our relative metric was > 145. COPD, chronic obstructive pulmonary disease; PSPS, public
safety power shutoff

45



Table 2.6: Index days by lag0-3 exposure status, absolute and relative metrics. Index days by
lag0-3 day exposure status. Index days are days when a healthcare encounter for all-cause respira-
tory, COPD, cardiovascular, or psychiatric endpoints occurred. Wildfire PM2.5 exposure represents
the mean wildfire PM2.5 concentration for lag0-3 days. PSPS event magnitude (mild/moderate/se-
vere) were classified using tertiles for both absolute and relative metrics. For our absolute (primary)
metric, mild events were those affecting ≤ 45 people, moderate were those where the number of
customers without power was > 45 and ≤ 458, and severe was defined as events where > 458
customers were without power. For our relative (secondary) metric, magnitude was classified as
mild when our relative metric was ≤ 1, moderate when 1 < relative metric ≥ 145, or severe when
our relative metric was > 145. COPD, chronic obstructive pulmonary disease; PSPS, public safety
power shutoff
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Table 2.7: Effect estimates for PSPS exposure, wildfire PM2.5 exposure, and cause-specific
healthcare encounters. Odds ratios and 95% confidence intervals for the association be-
tween zip code-level severe PSPS events and all-cause respiratory-, COPD-, cardiovascular-, and
psychiatric-related emergency department visits and hospital admissions in California from 2013 –
2019. Estimates are from four separate conditional logistic regression models. All models include
PSPS event exposure, lag0-3 day wildfire PM2.5 exposure, an interaction term between PSPS event
and wildfire PM2.5 exposure, and a spline on mean daily temperature. COPD, chronic obstructive
pulmonary disease; PSPS, public safety power shutoff *Note: The estimate for the interaction effect repre-
sents the additional multiplicative effect of joint exposure to wildfire PM2.5 and PSPS event on the outcome of interest.
It should not be interpreted as an odds ratio in isolation, but is rather a ratio of odds ratios.
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2.8 Supplemental figures.

Figure 2.4: Zip codes included in this study. Spatial distribution of the 1,504 zip codes in
California included in this study. There were 1,504, 1,464, 1,500, 1,501 zip codes included for all-
cause respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department visits
and hospital admissions. COPD, chronic obstructive pulmonary disease.
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Figure 2.5: Seasonality of PSPS events and wildfire PM2.5, by month, in California during the
study period (2013–2019). The number of zip code-event days of PSPS events reflects the sum
over the 7-year period, while the mean wildfire PM2.5 exposure represents means for each month
over the 7-year study period. PSPS, public safety power shutoffs.
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Figure 2.6: Effect estimates for mild PSPS exposure (absolute), wildfire PM2.5 exposure, and
cause-specific healthcare encounters, by age. Odds ratios and 95% confidence intervals for the
association between zip code-level mild PSPS events (absolute metric) and all-cause respiratory-,
COPD-, cardiovascular-, and psychiatric-related emergency department visits and hospital admis-
sions in California from 2013–2019 by age group. Estimates are from eight separate conditional
logistic regression models, including one for each health endpoint – exposure metric combination.
All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure, an interaction term
between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily temperature. The
absolute metric reflects the number of individuals exposed to a PSPS event, while the relative
metric reflects the severity of the event. COPD, chronic obstructive pulmonary disease. *Note: The
estimate for the interaction effect represents the additional multiplicative effect of joint exposure to wildfire PM2.5 and
PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation, but is rather a ratio of
odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.7: Effect estimates for mild PSPS exposure (relative), wildfire PM2.5 exposure, and
cause-specific healthcare encounters, by age. Odds ratios and 95% confidence intervals for the
association between zip code-level mild PSPS events (relative metric) and all-cause respiratory-,
COPD-, cardiovascular-, and psychiatric-related emergency department visits and hospital admis-
sions in California from 2013–2019 by age group. Estimates are from eight separate conditional
logistic regression models, including one for each health endpoint – exposure metric combination.
All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure, an interaction term
between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily temperature. The
absolute metric reflects the number of individuals exposed to a PSPS event, while the relative
metric reflects the severity of the event. COPD, chronic obstructive pulmonary disease. *Note: The
estimate for the interaction effect represents the additional multiplicative effect of joint exposure to wildfire PM2.5 and
PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation, but is rather a ratio of
odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.8: Effect estimates for moderate PSPS exposure (absolute), wildfire PM2.5 expo-
sure, and cause-specific healthcare encounters, by age. Odds ratios and 95% confidence
intervals for the association between zip code-level moderate PSPS events (absolute metric) and
all-cause respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department vis-
its and hospital admissions in California from 2013–2019 by age group. Estimates are from eight
separate conditional logistic regression models, including one for each health endpoint – exposure
metric combination. All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure,
an interaction term between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily
temperature. The absolute metric reflects the number of individuals exposed to a PSPS event,
while the relative metric reflects the severity of the event. COPD, chronic obstructive pulmonary
disease. *Note: The estimate for the interaction effect represents the additional multiplicative effect of joint exposure
to wildfire PM2.5 and PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation,
but is rather a ratio of odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.9: Effect estimates for moderate PSPS exposure (relative), wildfire PM2.5 expo-
sure, and cause-specific healthcare encounters, by age. Odds ratios and 95% confidence
intervals for the association between zip code-level moderate PSPS events (relative metric) and
all-cause respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department vis-
its and hospital admissions in California from 2013–2019 by age group. Estimates are from eight
separate conditional logistic regression models, including one for each health endpoint – exposure
metric combination. All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure,
an interaction term between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily
temperature. The absolute metric reflects the number of individuals exposed to a PSPS event,
while the relative metric reflects the severity of the event. COPD, chronic obstructive pulmonary
disease. *Note: The estimate for the interaction effect represents the additional multiplicative effect of joint exposure
to wildfire PM2.5 and PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation,
but is rather a ratio of odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.10: Effect estimates for severe PSPS exposure (absolute), wildfire PM2.5 exposure,
and cause-specific healthcare encounters, by age. Odds ratios and 95% confidence intervals
for the association between zip code-level severe PSPS events (absolute metric) and all-cause
respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department visits and
hospital admissions in California from 2013–2019 by age group. Estimates are from eight sep-
arate conditional logistic regression models, including one for each health endpoint – exposure
metric combination. All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure,
an interaction term between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily
temperature. The absolute metric reflects the number of individuals exposed to a PSPS event,
while the relative metric reflects the severity of the event. COPD, chronic obstructive pulmonary
disease. *Note: The estimate for the interaction effect represents the additional multiplicative effect of joint exposure
to wildfire PM2.5 and PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation,
but is rather a ratio of odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.11: Effect estimates for severe PSPS exposure (relative), wildfire PM2.5 exposure,
and cause-specific healthcare encounters, by age. Odds ratios and 95% confidence inter-
vals for the association between zip code-level severe PSPS events (relative metric) and all-cause
respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department visits and
hospital admissions in California from 2013–2019 by age group. Estimates are from eight sep-
arate conditional logistic regression models, including one for each health endpoint – exposure
metric combination. All models include PSPS event exposure, lag0-3 day wildfire PM2.5 exposure,
an interaction term between PSPS event and wildfire PM2.5 exposure, and a spline on mean daily
temperature. The absolute metric reflects the number of individuals exposed to a PSPS event,
while the relative metric reflects the severity of the event. COPD, chronic obstructive pulmonary
disease. *Note: The estimate for the interaction effect represents the additional multiplicative effect of joint exposure
to wildfire PM2.5 and PSPS event on the outcome of interest. It should not be interpreted as an odds ratio in isolation,
but is rather a ratio of odds ratios. PSPS, public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.12: Secondary analysis: effect estimates for PSPS exposure (1 week duration),
wildfire PM2.5 exposure, and cause-specific healthcare encounters, by age. Odds ratios and
95% confidence intervals for the association between zip code-level PSPS event duration and all-
cause respiratory-, COPD-, cardiovascular-, and psychiatric-related emergency department visits
and hospital admissions in California from 2013–2019 by age group. Estimates are from four
separate conditional logistic regression models – one for each health endpoint. All models include
PSPS duration, lag 0-6 day wildfire PM2.5 exposure, an interaction term between PSPS duration
and wildfire PM2.5 exposure, and a spline on mean daily temperature. *Note: The estimate for the
interaction effect represents the additional multiplicative effect of joint exposure to wildfire PM2.5 and PSPS event on the
outcome of interest. It should not be interpreted as an odds ratio in isolation, but is rather a ratio of odds ratios. PSPS,
public safety power shutoff; COPD, chronic obstructive pulmonary disease
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Figure 2.13: Sensitivity analysis: effect estimates for PSPS exposure (continuous, param-
eterized as duration of exposure in hours), wildfire PM2.5 exposure, and cause-specific
healthcare encounters, by age. Odds ratios and 95% confidence intervals for the association
between zip code-level PSPS customers impacted (continuous) and all-cause respiratory-, COPD-
, cardiovascular-, and psychiatric-related emergency department visits and hospital admissions in
California from 2013–2019 by age group. Estimates are from four separate conditional logistic re-
gression models – one for each health endpoint. All models include PSPS customers impacted,
lag 0-6 day wildfire PM2.5 exposure, an interaction term between PSPS duration and wildfire PM2.5
exposure, and a spline on mean daily temperature. *Note: The estimate for the interaction effect represents
the additional multiplicative effect of joint exposure to wildfire PM2.5 and PSPS event on the outcome of interest. It should
not be interpreted as an odds ratio in isolation, but is rather a ratio of odds ratios. PSPS, public safety power shutoff;
COPD, chronic obstructive pulmonary disease
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3.1 Abstract.

Background. The January 2025 Los Angeles (LA) fires forced evacuations and degraded air

quality, with potential impacts on acute healthcare utilization. We aimed to determine whether

wildfire smoke exposure or evacuation changed rates of acute emergency department (ED) or

inpatient healthcare utilization for multiple health endpoints following the LA fires.

Methods. This cohort study used electronic health care data from Kaiser Permanente Southern

California (KPSC) ED and inpatient settings from November-January 2022–2025. We assigned

exposure to residential census tracts from January 7-13, 2025: (1) minimal; (2) moderate wildfire

fine particulate matter (PM2.5) and (3) high wildfire PM2.5, based on estimates derived from National

Oceanic and Atmospheric Administration HYSPLIT trajectories and air pollution monitors; and (4)

evacuated, based on evacuation zones. Daily ED and inpatient visit rates across 5 categories: all-

cause, cardiovascular, injury, neuropsychiatric, and respiratory. We employed a 2-stage interrupted

time-series model to estimate changes in healthcare utilization rates after the fires.

Results. This study included 3.7 million KPSC members (median age of 42years) meeting en-

rollment criteria. Healthcare utilization among KPSC members changed during the week following

the LA fires’ ignition. In high smoke-exposed tracts, cardiovascular and neuropsychiatric ED rates

increased (cardiovascular: 4.3% [0.6%, 18.6%]; neuropsychiatric: 7.7% [-1.8%, 19.0%]), as did

cardiovascular inpatient visit rates (5.3% [-1.2%, 17.2%]). Respiratory-related hospital visits de-

clined in most areas. However, in tracts with heavy smoke exposure, the pattern was different:

ED visit rates did not increase, but inpatient visits did on the first day post-ignition and stayed ele-

vated for the following week. Among evacuated tracts, overall care-seeking declined. Comparing

healthcare utilization across evacuated tracts from the similarly-sized Eaton and Palisades fires,

we found reduced all-cause care-seeking in the Eaton evacuation zone but elevated care-seeking

in the Palisades evacuation zone.

Discussion. The 2025 LA fires were an unprecedented disaster that impacted healthcare-seeking
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behaviors. Areas with high smoke exposure, that were not evacuated, saw increased cardiovas-

cular and neuropsychiatric care, while care was reduced in evacuated tracts–likely reflecting dis-

rupted care and unmet need. These heterogeneous impacts of the LA fires demonstrate the need

for targeted healthcare planning based on community-specific wildfire effects.
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3.2 Introduction.

January 7, 2025 marked the ignition of the Eaton and Palisades fires, closely followed by several

other large fires, in Los Angeles (LA) County, California.12,114,115 Strong Santa Ana winds fueled the

fires, blowing smoke across the region and causing fine particulate matter (PM2.5) concentrations

to soar as high as 400 µg/m3 during the days following ignition.116 Researchers estimate that the

fires burned > 38, 000 acres, destroyed > 16, 000 structures, led to the evacuation of > 180, 000

people, and directly killed at least 29 people.19,114 However, the full health burden likely extends

beyond these immediate, direct fatalities. For example, one study estimated > 440 excess deaths

in LA County following fire ignition.117

Though much remains unknown about the underlying mechanisms by which wildfires affect health,

the current literature points to multiple pathways - including smoke inhalation, stress, destruction of

property and communities, and displacement.12 Two major components of wildfire disasters that

drive these pathways are elevated PM2.5 concentrations and evacuation. Wildfire PM2.5 triggers

systemic inflammation and oxidative stress associated with adverse health, including increased res-

piratory and cardiovascular morbidity, neuropsychiatric outcomes, and all-cause mortality.16,22,29,

as well as stress and behavior change,16,23. Evacuation also causes stress, poses physical haz-

ards, and disrupts healthcare access12,22 and, as such, may contribute to adverse neuropsychiatric

outcomes, injuries, and exacerbate chronic conditions.12,33,35,36

During the 2025 LA fires, elevated PM2.5 spread across much of LA County and > 180, 000 peo-

ple were under evacuation orders.12,19,114,116 In addition to causing elevated excess mortality,117

a recent study reported surging cardiorespiratory emergency encounters (24-46% increases) in

the 90 days following ignition at Cedars-Sinai (the largest adult medical center in LA County).118

Across Kaiser Permanente Southern California (KPSC), outpatient and virtual visits for cardiores-

piratory conditions increased 27-42% during the week post-fire ignition, with ignition-day increases

in neuropsychiatric (28-31%) and injury (18-26%) encounters.19 Notably, syndromic surveillance

data showed some evidence of decreased overall emergency department (ED) encounters during

the first six days post-ignition.119 None of these studies evaluated healthcare utilization in relation
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to major health-harmful mechanisms, smoke exposure and evacuation, which may help to rec-

oncile the different impacts observed and are essential to understand in appropriately allocating

resources for healthcare planning, adaptation, and response.

Here, we examined changes in acute healthcare utilization among KPSC members during the week

following the January 2025 LA fires’ ignition. We estimated associations between exposure and

healthcare utilization following the LA fires, distinguishing between wildfire PM2.5 and evacuation

zone exposure to better understand the underlying mechanisms.

3.3 Methods.

3.3.1 Study Design and Population.

Figure 3.1: Kaiser Permanente
Southern California cohort inclu-
sion/exclusion. Flowchart depicting
inclusion into the cohort of Kaiser
Permanente Southern California mem-
bers included in this study. For each
year, patients were required to have
coverage November through January
(of the next year) – allowing for up
to 30 days gap. Patients were also
required to be enrolled for all three
years: November 2022 - January
2025 – unless someone ended their
enrollment due to death prior to 2025.

KPSC serves more than 4.7 million patients across 10

counties in Southern California, and this study included

patients with continuous enrollment from November 1,

2022 to January 13, 2025 who met other inclusion cri-

teria (Figure 3.1). Since KPSC is an integrated health-

care system, its electronic health record (EHR) database

contains complete longitudinal information on patient ad-

dresses and diagnoses - allowing us to construct a co-

hort of KPSC members to follow for the duration of the

study period. Using a quasi-experimental study design,

we leveraged the timing of the LA Fires to study at-

tributable changes in healthcare utilization in a two-stage

interrupted time series (ITS) analysis. This study fol-

lowed the Strengthening the Reporting of Observational

Studies in Epidemiology (STROBE) guidelines. The protocol was approved by the KPSC and

WIRB–Copernicus Group institutional review boards, which waived the informed consent require-

ment.
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3.3.2 Exposure and covariates.

Wildfire PM2.5.

During the January 2025 LA fires, strong Santa Ana winds dispersed smoke unevenly across

the region, meaning that models extrapolating PM2.5concentrations from sparse US EPA ground-

monitoring stations did not accurately represent population-level exposure to wildfire PM2.5. In or-

der to integrate known meteorological drivers of smoke dispersion, we leveraged National Oceanic

and Atmospheric Administration’s (NOAA) Air Resources Laboratory (ARL) Hybrid Single-Particle

Lagrangian Integrated Trajectory (HYSPLIT) model via Real-time Environmental Applications and

Display sYstem (READY) platform.120,121 Because only smoke from the Eaton fire affected the

KPSC catchment, we estimated census tract-level exposure to wildfire PM2.5using HYSPLIT tra-

jectories from the Eaton fire centroid (Supplemental methods). We validated exposure categories

using observed PM2.5 at ground monitors in LA County.

We categorized census tracts into three levels of wildfire PM2.5exposure based on the number of

HYSPLIT trajectories they intersected. Categories included: (1) minimal, (2) moderate, or (3) high

levels of wildfire PM2.5exposure during the week following January 7 (Figure 3.2, Supplemental

methods).

Evacuation.

We combined data from LA County’s Integrated Public Alert and Warning System (IPAWS) and

Ventura County Department of Emergency Services to identify census tracts that intersected with

evacuation order or warning zones between January 7 and 10, 2025.

Overall exposure assessment.

Based on our wildfire PM2.5and evacuation categories, we constructed a census tract-level ex-

posure dataset with four exposure categories: (1) minimal wildfire PM2.5with no evacuation, (2)
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moderate wildfire PM2.5with no evacuation, (3) high wildfire PM2.5with no evacuation, and (4) evac-

uation regardless of smoke exposure (Supplemental methods).
A. Study area

HYSPLIT trajectories
Minimal smoke
Moderate smoke
High smoke
Evacuation
Evacuation boundaries
Fire boundaries

B. Smoke exposure C. Evacuation exposure D. Combined exposure

0 5 10 15 20 25
EPA monitor PM2.5 (µg/m³)

Figure 3.2: Exposure assessment for wildfire PM2.5and evacuation following the 2025 Los
Angeles Fires. Panel A: KPSC’s catchment area, with a dashed black box showing the subset of
the KPSC catchment depicted in panels B-D. Panel B: Wildfire PM2.5exposure estimated using Na-
tional Oceanic and Atmospheric Administration’s (NOAA) Air Resources Laboratory (ARL) Hybrid
Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model trajectories. Exposure was de-
termined based on the number of trajectories intersecting a census tract. We categorized wildfire
PM2.5exposure as (1) minimal, (2) moderate, and (3) high. EPA monitoring station PM2.5is shown
for reference, but was not used for exposure assessment. Panel C: Evacuation zone perimeters
in pink are shown on top of the evacuation-exposed census tracts in orange. A census tract was
considered evacuated if any part of it intersected an evacuation zone. Wildfire burn zones (red)
are included for reference. Panel D: Overall exposure categories: (1) minimal smoke, (2) moderate
smoke, (3) high smoke, and (4) evacuation (regardless of smoke exposure).

Covariates.

We included time-varying covariates in all models: county-level weekly influenza, respiratory syn-

cytial virus (RSV), and SARS-CoV-2 from wastewater data collected by the LA County Department

of Public Health. Additionally, we used 4km2 resolution gridMET (Gridded Surface Meteorological)

data, aggregated to the census tract level, to adjust for daily temperature (minimum and maximum),

humidity, wind velocity, and surface downward shortwave radiation.

3.3.3 Outcomes.

Outcomes included daily rates of ED visits (without admission) and hospital admissions by KPSC

members. Using International Classification of Diseases, Tenth Revision codes, we included visits
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for all-cause, cardiovascular [I00-I99], injury [S00-T88], neuropsychiatric [F01-F99], and respiratory

[J00-J99] conditions.19 We aggregated visits by type, cause, day, and wildfire exposure category.

3.3.4 Statistical Analysis.

We modeled healthcare utilization using data from three consecutive November - January periods

(2022 - 2025) and predicted health outcomes over a 7-day period following fire ignition (January 7

- January 13, 2025). We used a two-stage interrupted time-series design that leveraged machine-

learning methods to estimate the wildfire-attributable change in visit rates following the LA fires.19,61

Parameterization of models for this analysis.

We separately modeled combinations of exposure category (minimal smoke, moderate smoke,

high smoke, evacuation), encounter type (ED, inpatient), and outcome (all-cause, cardiovascular,

injury, neuropsychiatric, and respiratory).

Because the ITS design capitalizes on random timing of an event (in this case, the LA Fires),

time-invariant covariates are inherently controlled. However, we controlled for time-varying co-

variates, as they can affect healthcare utilization rates concurrently with the event. Specifically, we

included covariates for federal holidays, time period, day of week, and month, as well as previously-

described daily meteorological variables from gridMET93 and weekly wastewater surveillance data

on influenza, RSV, and SARS-CoV-2 levels.122

Using a time-series split approach, we split the data into training and testing sets. The purpose of

this splitting is to assess out-of-sample predictive performance and ensure the model generalizes

beyond the data used for training. This approach allows us to use our model to generate a reliable

counterfactual (expected) time series to compare to the observed time series (Figure 3.7). To

balance generalizability with model specificity, we initially used the same hyperparameter ranges

for all models, then tailored ranges for specific models. We selected the optimal hyperparameter set

for each model by minimizing RMSE across folds, and evaluated performance using mean absolute
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percentage error, mean absolute scaled error, and R2 (more details in Supplemental methods).

For these optimized models, we estimated 95% empirical confidence intervals using Monte Carlo

simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper

bounds. Excess visit rates (per 100,000 enrollees per day) were calculated as the daily differ-

ence between observed and predicted rates. Results are presented as the percent excess rate

alongside the mean excess rate over the study period.

To examine fire-specific effects, we conducted a secondary analysis restricting the evacuation ex-

posure to census tracts affected by the Eaton or Palisades fires separately.

Analyses were conducted using R Statistical Software version 4.4.1 and Python version 3.12.2,

and all code is available on GitHub.

3.4 Results.

We identified 3,717,210 KPSC members with median age 42 years residing in 4,876 census tracts

across the 10 counties of Southern California (Figure 3.2 panel A and Table 3.1). Members were

52.2% female, and 29.0% identified as non-Hispanic white, 7.8% as non-Hispanic Black, 11.5%

as non-Hispanic Asian, and 43.8% as Hispanic. 852,910 resided in high-smoke census tracts

(maximum daily average Environmental Protection Agency [EPA]-reported PM2.5 = 28.57 µg/m3),

465,614 in moderate-smoke census tracts (maximum EPA-reported PM2.5= 7.69 µg/m3), 107,104

in evacuated census tracts (Figure 3.2, panels B-D; Table 3.1 and Table 3.2).

3.4.1 Emergency department encounters.

No KPSC EDs were located in tracts considered evacuated in the present analysis (Figures 3.5

and 3.6), but the rate of all-cause ED visits among evacuated members decreased over the week-

long period following fire onset (Figure 3.3 and Figure 3.9; Tables 3.3 and 3.4). Further, despite

no change averaged across the week, neuropsychiatric visit rates among members in evacuated
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tracts were elevated on several days, with mid-week excess visit rates on par with or exceeding

that of high-smoke tracts (Figures 3.8 and 3.9; Tables 3.3, 3.4, 3.9, and 3.10).

Among those living in high-smoke tracts, cardiovascular and neuropsychiatric ED visit rates were

elevated during the first week following fire onset, with 4.3% [0.6%, 18.6%] and 7.7% [-1.8%, 19.0%]

excess cardiovascular and neuropsychiatric visit rates, respectively (Figures 3.8 and 3.9; Tables

3.9 and 3.10).

Table 3.1: Demographic characteristics of study participants. Number of Kaiser Permanente
Southern California patients included in this study by exposure category (minimal smoke, moderate
smoke, high smoke, evacuation). Note: “Other” racial and ethnic group includes people of multiple
races, Native American and Alaskan Native, Pacific Islander, other, and unknown race and ethnicity.

Injury-related ED visit rates were reduced 8-10% across all exposure groups, while respiratory ED

visit rate were uniformly unchanged (Figure 3.3 and Figure 3.9; Tables 3.3, 3.4, 3.9, 3.10, 3.11,

3.12).
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3.4.2 Inpatient admissions.

For all-cause admissions, effect magnitudes were small relative to ED visit rates, and most cause-

specific changes were limited to the high-smoke group.

Despite no change in respiratory ED visit rates for any group, we observed a spike in respiratory

inpatient admissions among those in high-smoke tracts on day 1, which remained elevated through-

out the first week (11.9% [-1.3%, 25.3%]). Respiratory admissions among members in evacuated

tracts decreased on day 1 and were otherwise unchanged (Figure 3.3 and Figures 3.8 and 3.9;

Tables 3.19, 3.20, 3.13, 3.14).

All-cause, cardiovascular, and neuropsychiatric admission rates were modestly elevated among

high-smoke tracts toward the end of the first week (5.3% [-1.2%, 17.2%]) (Tables 3.19 and 3.20).

Conversely, neuropsychiatric admission rates among those in evacuated tracts and moderate-

smoke tracts declined during the first two days post-ignition. Injury admission rates were largely

null, with the exception of a single large increase among moderate-smoke tracts mid-week (-4.9%

[-11.6%, 6.9%]) (Tables 3.19, 3.20, 3.21, 3.22, 3.13, 3.14).

3.4.3 Evacuation-stratified analysis.

When stratifying by evacuation zone, we observed differential patterns of care-seeking between

Eaton and Palisades fires (Figures 3.11, and 3.10; Tables 3.5, 3.6, 3.7, 3.8, 3.15, 3.16, 3.17, 3.18).

All-cause ED and inpatient visit rates were reduced among Eaton evacuation zone members (ED:

-11.8% [-27.6%, -4.3%]; inpatient: -16.1% [-35.5%, 3.5%]), while Palisades members showed po-

tentially elevated utilization across both settings (ED: 7.9% [-2.6%, 27.0%]; inpatient: 14.4% [-4.6%,

34.5%]). Cause-specific estimates were largely null across both fire areas, with the exception of

reduced respiratory ED visit rates and cardiovascular inpatient admissions among Eaton members

(Figures 3.11, 3.10, and 3.8).
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Figure 3.3: Cause-specific excess emergency department and inpatient visits due to wild-
fire PM2.5and evacuation. Association between census tract-level (1) moderate smoke, (2) high
smoke, and (3) evacuation exposure during the 2025 LA fires and percent change in excess all-
cause and cause-specific emergency department and inpatient visit rates in the Kaiser Permanente
Southern California catchment area from January 7-13, 2025. Cause-specific visits included car-
diovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-series
design that leveraged machine learning methods to estimate the wildfire-attributable change in visit
rates following the LA fires. Each encounter type/exposure category/health endpoint was modeled
separately using data from November-January 2022-2025 and time-varying covariates to model
pre-fire trends. These 40 separate models were then used to predict expected post-LA fire trends.
By comparing the post-fire trends predicted from our models, which served as a counterfactual, to
observed post-fire trends, we calculated the percent excess visit rates attributable to the fires. 95%
empirical confidence intervals were computed using Monte Carlo simulation with 1,000 iterations,
using the 2.5th and 97.5th percentiles as the lower and upper bounds.
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3.5 Discussion.

In this interrupted time series analysis of 3,717,210 KPSC members in the week following the Jan-

uary 2025 LA fires’ ignition, we found divergent patterns in healthcare utilization across smoke and

evacuation exposure groups. In tracts exposed to high smoke, cardiovascular and neuropsychi-

atric ED visit and cardiovascular and respiratory admission rates were elevated. Visit rates were

unchanged for those exposed to moderate smoke, as well as for respiratory ED visits across all

exposure groups. We observed reduced rates of ED utilization in evacuated tracts and of injury-

specific ED visits across all tracts.

We interpret these findings in the context of healthcare seeking across all care settings at KPSC fol-

lowing the fires. In previous work, we estimated a 36-45% increase in respiratory- and cardiovascular-

related virtual care visits, in addition to elevations in outpatient visits ranging from 18-31% for

cardiovascular, injury, neuropsychiatric, and respiratory endpoints among KPSC members living

within 20km of a burn zone or within LA county.19 Conversely, in this study, we observed more

heterogeneous care-seeking, including reductions in ED and inpatient settings for some groups.

Furthermore, an interrupted time series analysis of LA County mortality estimated 440 excess

deaths attributable to the fires, representing nearly 7% excess mortality over a 4-week period.117

Taken together with the increases in KPSC virtual and outpatient care utilization,19 our findings

suggest that among high smoke-exposed members, some care may have been diverted from the

ED to lower acuity virtual or outpatient care settings, with some care never taking place due to

out-of-hospital patient mortality.

Our findings of elevated care-seeking among high-smoke-exposed, but not moderate-smoke-exposed,

individuals are consistent with mixed prior literature on wildfire PM2.5 and cardiovascular diseases.16,22,34

Importantly, one single-site study following the LA fires found a 46% increase in myocardial infarc-

tion ED encounters within 90 days post-ignition.118 For neuropsychiatric outcomes, several26,27,123,

but not all,124 studies indicate elevated acute care-seeking following wildfire PM2.5exposure. Fur-

ther, substantial evidence links wildfire disaster exposure to elevated rates of PTSD, depression,
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and anxiety.29,125,126 Combined with our prior study,19 we have identified universally elevated care-

seeking – across virtual, outpatient, ED, and inpatient care settings – for cardiovascular and neu-

ropsychiatric endpoints at KPSC following the LA fires.

Despite elevated injury-related virtual care utilization among KPSC members living in close (< 10km)

proximity to burn zones,19 we did not observe elevated injury visit rates in the ED nor inpatient

setting. In fact, we found reduced rates of injury-related ED visits among all smoke- or evacuation-

exposed tracts. These reduced rates may be attributable to households sheltering in place23,127 or

effective evacuation procedures – reducing motor vehicle crashes and other acute injuries expected

to present to the ED.

Our findings of increased inpatient respiratory admission rates among high smoke-exposed tracts

are broadly consistent with prior literature linking wildfire PM2.5 exposure to respiratory morbidity

and mortality,16 however, this signal was notably absent in our ED results. The lack of change in

respiratory ED visit rates may reflect displacement of healthcare utilization to other settings, such

as virtual and outpatient care, where we previously identified substantial increases at KPSC fol-

lowing the fires.19 Further, we saw no change ED or inpatient respiratory care among moderate

smoke-exposed tracts. As the acuity of respiratory health exacerbation varies from mild wheezing

in asthmatics to severe respiratory distress in those with chronic obstructive pulmonary disease

(COPD), some individuals may have been able to manage their care in outpatient and virtual set-

tings, avoiding emergency care. Our results suggest that only those with the most severe con-

ditions, more likely to require inpatient admission, sought in-person care. Further, wildfire events

have increased, and improved public health messaging may have empowered vulnerable patients

– such as those living with asthma or COPD – to shelter in place, wear masks, and run air filtration

systems.128 This may have enabled many of these patients to stay home rather than go out in the

smoke to seek care.

With the exception of spikes in neuropsychiatric ED visit rates – a pattern well-documented follow-

ing disasters129–131 – evacuated KPSC tracts generally saw reductions in ED utilization, mirroring

previously reported decreases in all-cause ED encounters across LA County 6 days following the

2025 LA fires’ ignition.119 Limited research has focused on wildfire-evacuated populations, but two
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small studies (< 1000 people)35,132 reported unmet healthcare needs and disrupted care-seeking,

findings corroborated by the disaster literature.130,133,134 Though our study benefited from a large

sample size, we could not track which patients left the area entirely and thus avoided smoke ex-

posure, or, conversely, experienced serious impacts such as property destruction or burns that

may have prevented them from seeking care. As such, the reduction in all-cause ED visits ob-

served could be due to disrupted daily life or displacement of care from the emergency to virtual

setting.12,114,135–137

Despite the Eaton and Palisades fires being similarly destructive, all-cause ED and inpatient visit

rates were reduced in Eaton-evacuated tracts and increased in Palisades-evacuated tracts. Fur-

ther, we observed reduced respiratory ED visits and cardiovascular inpatient admissions among

Eaton-evacuated members – suggesting that the null results for these endpoints in the pooled

evacuation analysis may have masked meaningful reductions in the Eaton zone. Together, these

patterns may reflect underlying sociodemographic differences between the areas. The median

household income is higher in the Palisades compared to the Eaton evacuation zones (Palisades:

$158,140; Eaton: $94,196),138 which could mean that KPSC members near the Eaton fire faced

greater barriers to seeking medical attention after evacuation, or a greater shift toward virtual care.

This study has several limitations. First, KPSC is an integrated healthcare system in which mem-

bers rarely seek external care, which improved our ability to detect changes in healthcare utilization

but might make KPSC members’ care-seeking practices unrepresentative of the general popula-

tion. Second, there was some exposure misclassification. We assigned exposure based on am-

bient conditions in residential census tracts and lacked information on whether individuals were

at home or used air filtration devices during the fires. Third, we did not differentiate mandatory

and voluntary evacuation orders, which may have different effects. Further, a census tract was

considered evacuated regardless of smoke exposure. Future studies could consider the smoke

exposure within evacuated areas as predictors of healthcare utilization. Fourth, we studied health-

care utilization, which requires an individual to seek care and access a provider, thus, we likely

underestimated the fires’ full health impact.

In conclusion, we found elevated cardiovascular and neuropsychiatric ED visit and cardiovascular
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and respiratory admission rates among KPSC members exposed to high smoke following the LA

fires’ ignition. While evacuation was broadly associated with reduced ED utilization, the divergent

findings across the Palisades and Eaton fire evacuation zones highlight that contextual factors can

shape care-seeking behavior following disasters. By examining distinct exposure pathways, we

illuminate ways in which stress and disruption may affect health differently from inhaling smoke - two

common yet unique wildfire exposures. Interpreted alongside simultaneous increases in virtual and

outpatient utilization and excess mortality,19,117 our findings suggest a bifurcated response where

many KPSC members shifted care to lower-acuity settings, while those with the most serious needs

were ultimately hospitalized or died. Healthcare systems preparing for an era of more frequent

and intense wildfires should treat expanded cardiovascular and neuropsychiatric services, robust

virtual care capacity, and targeted outreach to displaced populations not as contingencies, but as

key components of disaster preparedness.
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3.6 Supplemental methods.

3.6.1 Wildfire PM2.5.

During the January 2025 LA fires, strong Santa Ana winds caused smoke to disperse rapidly

and unevenly across the region, limiting the utility of sparse US Environmental Protection Agency

ground monitoring stations for estimating population-level exposure. In order to include a more

accurate representation of smoke exposure, we leveraged National Oceanic and Atmospheric

Administration’s (NOAA) Air Resources Laboratory (ARL) Hybrid Single-Particle Lagrangian Inte-

grated Trajectory (HYSPLIT) model via Real-time Environmental Applications and Display sYstem

(READY) platform.120,121 HYSPLIT is a Lagrangian particle model widely used for atmospheric tra-

jectory and dispersion calculations, simulating how air parcels move from an initial location based

on meteorological conditions.121 To estimate wildfire smoke exposure at the census tract level,

we estimated wildfire PM2.5transport during the LA fires using this model by initializing trajectories

from the Eaton fire centroid and run using GDAS1 meteorology to simulate forward trajectories.

We applied several restrictions to the trajectories:

1. excluded trajectory points at the initialization location to avoid artificially inflating exposure

near the fire origin

2. terminated trajectories once they reached ground level (0m above ground level)

3. excluded trajectory points above 2,000m above ground level, as smoke at this altitude is

unlikely to affect surface concentrations139

4. limited trajectories to the first 24 hours after initialization, as smoke had dispersed beyond

the study area after this period

5. included trajectories through January 14, 2025 (UTC)

After retrieving a set of points for each trajectory, we buffered each point by 20km and drew a line

for each trajectory. We counted the number of buffered trajectory lines overlapping each census

74



tract’s population-weighted centroid. To calculate population-weighted centroids for each census

tract, we used the Global Human Settlement Layer.140 We used population-weighted centroids

rather than geometric centroids to better represent where people live within each census tract.

We validated our approach by comparing the number of overlapping buffered trajectories for a given

census tract with the closest EPA ground monitoring station-measured average smoke PM2.5from

January 7-13, 2025 (correlation = 0.92) (Figure 3.4). Average smoke PM2.5was estimated at EPA

monitoring stations as positive anomalies in PM2.5on days when smoke plumes were overhead,

as in Childs et al.141 Accordingly, we categorized census tracts into three wildfire PM2.5exposure

levels:

1. minimal smoke: < 30 buffered trajectories overlapping centroid

2. moderate smoke: 30 − 74 buffered trajectories

3. high smoke: ≥ 75 buffered trajectories

Finally, we reclassified tracts for which all neighboring tracts had a different exposure category

to match the most common neighboring category. For example, if a tract was estimated to have

mid-level smoke exposure but was surrounded on all sides by tracts with high smoke exposure, we

reclassified it as having high smoke exposure.

3.6.2 Evacuation

We used data from LA and Ventura Counties to determine census tracts in the KPSC catchment

area that were under evacuation orders or warnings during the LA fires.

Data from LA County.

We used data from LA County’s Integrated Public Alert and Warning System (IPAWS) alerts for

the January 2025 fires, including fire-related evacuation warnings and orders, as well as local

75



emergency alerts for LA County residents.142 We filtered these data to evacuation warnings or

orders that were in effect between January 7 and 10, 2025. We defined in effect as after the

effective time and before the expires time in the database. In cases where the "effective" time

was not specified, it was assumed to be the time that the order was sent. We also focused on

evacuation-related alerts and thus excluded alerts specifying that a curfew is in effect or that air

quality is poor. We determined whether an alert was an evacuation order or an evacuation warning

based on the "event" type specified in the dataset. However, two alerts were not categorized

as "Evacuation Immediate" events but still explicitly instructed residents to "LEAVE NOW" in the

message body, so we included those entries as evacuation orders.

Data from Ventura County.

Though the January 2025 fires predominantly affected LA County, the response to the Kenneth

Fire, which occurred near the border of LA and Ventura Counties, was shared by both counties.

The Kenneth Fire was not included in the LA County database, and we could not access spatial

information on evacuation associated with it from Ventura County. As such, to ensure we had all

relevant evacuation information for census tracts affected by the Kenneth Fire, we contacted the

Ventura County Department of Emergency Services directly and received a shapefile and details

on the sole evacuation alert issued during the study period. This single evacuation alert associated

with the Kenneth Fire was a warning that was in effect January 9, 2025 from 3:48PM - 7:04PM. The

Kenneth Fire evacuation area overlapped with census tracts in LA County, so we included this alert

to ensure complete evacuation exposure classification for all KPSC members in the study area.

Full evacuation exposure.

We combined data from LA County and Ventura County and unioned all geographic areas that were

issued an evacuation order or warning over the study period. We did not differentiate between evac-

uation orders and warnings due to limited sample sizes within order- and warning-specific areas. A

census tract was considered evacuated if it overlapped (fully or partially) with an evacuation warn-

ing/order polygon (Figure 3.2). Evacuated census tracts were considered evacuated regardless of
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smoke exposure because (1) areas that are evacuated are highly exposed to the wildfire regardless

of PM2.5 exposure, (2) areas under evacuation orders typically experience elevated ambient PM2.5

concentrations but the evacuated individuals may not be exposed since they leave the area, and

(3) because combining them ensured adequate sample size for this exposure category.

Eaton- and Palisades-specific evacuation exposure.

For secondary analyses stratified by fire, we identified evacuation areas associated with each of

the two major fires - Eaton and Palisades. Evacuation alerts in the LA County database were linked

to specific fires (e.g., Eaton, Palisades). We subset the evacuation polygons to those overlapping a

bounding box around each fire’s perimeter and assigned census tract exposure accordingly: a tract

was considered exposed to Eaton-related evacuation if it overlapped with Eaton-specific polygons,

and likewise for Palisades. Census tracts could be exposed to one, both, or neither fire-specific

evacuations.

3.6.3 Statistical Analysis.

We modeled healthcare utilization using data from three consecutive November - January periods

(2022 - 2025) and predicted health outcomes over a 7-day post-fire period (January 7 - January

13, 2025).

We used a two-stage interrupted time series design that leveraged machine learning methods to

estimate the wildfire-attributable change in visit counts following the LA fires. The first stage uses a

hybrid Prophet-Extreme Gradient Boosting (XGBoost) model to generate the expected visit rate for

each exposure group, encounter type, and outcome combination. For this stage, we use data from

November-January 2022-2025 for training and testing, and apply the model to post-wildfire data

from January 7-13, 2025. The second stage of this model compares the actual and counterfactual

estimates for the post-wildfire period to estimate excess visits for each exposure/encounter/out-

come combination.19
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Modeling framework.

We used a Prophet-XGBoost hybrid forecasting approach, described in detail in Dey et al. and

Casey et al.19,61 Developed to forecast time series data, Prophet is an additive regression model

that creates a representation of temporal patterns by decomposing the time series into trend, sea-

sonality, and holiday components:19

y(t) = g(t) + s(t) + h(t) + εt (3.1)

19

where g(t) represents the trend function, s(t) captures periodic seasonal changes, h(t) accounts

for holiday effects, and εt is the error term. XGBoost complements Prophet by helping identify

complex or nuanced relationships and features in the data. XGBoost is a gradient boosting algo-

rithm built on an ensemble of sequential decision trees, with each tree correcting the errors of its

predecessors through gradient descent optimization. XGBoost relies on minimizing a regularized

objective function to find the optimal tradeoff between error and complexity.19

By using a hybrid approach, we leverage Prophet’s interpretable temporal decomposition while

using XGBoost’s flexibility to identify patterns in the residuals and additional features. Accordingly,

we capture complex nonlinear relationships that cannot be explained by temporal patterns alone

(driven by trends, seasonality, and holidays).19,61

Parameterization of models for this analysis.

We separately modeled combinations of exposure category (no smoke, mid-smoke, high smoke,

evacuation), encounter type (ED, inpatient), and outcome (all-cause, cardiovascular, injury, neu-

ropsychiatric, and respiratory).

After restricting all models to a daily time series from November-January 2022-2025, we included
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covariates for federal holidays, time period, day of week, and month, as well as daily meteorolog-

ical variables from gridMET (temperature, precipitation, relative humidity, wind velocity, and solar

radiation)93 and weekly wastewater surveillance data on influenza, RSV, and SARS-CoV-2 lev-

els.122 Time-invariant covariates, such as socioeconomic status, are inherently controlled by the

ITS design. Due to differing seasonal patterns, models for respiratory virtual visits were restricted

to January 2023 onward.

We used data that ranged from November – January from 2022-2025, omitting the remaining

months of the year. Using a time-series split approach, pre-wildfire data were split in time using

a cumulative assessment window at the end of the series (duration in days, set in configuration);

tuning used rolling time-series cross-validation. Precise split parameters (dates) were updated as

needed during model refinement. The split for each model was driven by finding both a clean cutoff

period for training/testing (e.g., training data spans November 1, 2022-January 21, 2024 and test-

ing data spans November 1, 2024-January 6, 2025, in order to include balance having sufficient

data in both training and testing and work around holidays) based on the data available every year

as well as optimizing model performance. In some cases, aberrations in the time series made our

standard splitting approach less suitable – leading to slight model-specific deviations. For train-

ing, we used a 5-fold cross-validation technique. To balance generalizability with model specificity,

we used the same hyperparameter ranges for all models initially, then tailored ranges for specific

models to optimize fit on the testing data when the initial fit was poor. We selected the optimal hy-

perparameter set for each model by minimizing RMSE across folds, and evaluating performance

using mean absolute scaled error (MASE), and R2. We first selected models with positive R2, and

then chose the model with the lowest MASE from there. Visual inspections of model fit confirmed

all final model selections.

Using the approach described in Dey et al.,61 we leveraged our best-performing model from the

testing period to generate predictions for each exposure/encounter/outcome model across the full

study period. Using a Moving Block Bootstrap (MBB) approach, we quantified uncertainty using

Monte Carlo simulation across 1,000 iterations. In each iteration, residuals from the pre-event

period were segmented into overlapping blocks of length L, resampled with replacement, and re-

combined into a new residual series that was added back to model-predicted values to construct
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a pseudo-time series. The pre-trained model was then reapplied to each pseudo-time series to

generate a distribution of post-event predictions. We estimated 95% empirical confidence intervals

from these 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper bounds.

Excess visit rates were calculated as the difference between observed and predicted rates for each

day. We also summed excess visits across the week following wildfire onset. Results are presented

as percent of excess visits in the main analysis.

To examine fire-specific effects, we conducted a secondary analysis restricting the evacuation ex-

posure to census tracts affected by the Eaton or Palisades fires separately. We built models to

estimate the same measures for each exposure/encounter/outcome combination for each fire us-

ing the same methods described above.
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3.7 Supplemental figures.
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Figure 3.4: Comparison of exposure metric in this study and Environmental Protection
Agency Monitoring station wildfire PM2.5estimates. We used the National Oceanic and At-
mospheric Administration’s (NOAA) Air Resources Laboratory (ARL) Hybrid Single-Particle La-
grangian Integrated Trajectory (HYSPLIT) model trajectories to estimate wildfire PM2.5exposure.
Exposure was determined based on the number of trajectories intersecting a census tract. To
assess the validity of these trajectories as an exposure metric, we compared the number of trajec-
tories overlapping each census tract with the average smoke PM2.5. We found that these values
were highly correlated. We thus proceeded with our exposure assessment using the trajectories
and binned this exposure into (1) minimal smoke exposure, (2) moderate smoke exposure, and (3)
high smoke exposure.
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Evacuation zone
KPSC emergency department

Figure 3.5: Kaiser Permanente Southern California emergency departments and evacuated
areas. Kaiser Permanente Southern California (KPSC) emergency departments (ED) and the
areas that were evacuated during the 2025 LA fires.
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Evacuated study census tracts
KPSC ED (not in evacuated tract)
KPSC ED (in evacuated tract)

Figure 3.6: Kaiser Permanente Southern California Emergency Departments and evacuated
census tracts. Kaiser Permanente Southern California (KPSC) Emergency Departments (ED)
and the tracts that were considered were evacuated during the 2025 LA fires for this analysis.
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Figure 3.7: Model fit and performance diagnostics. Panel A shows model training performance
(November 1, 2022 – January 31, 2024), Panel B shows model performance on testing data (held
out from training) (November 1, 2024 – January 6, 2025), and Panel C shows the holdout (post-
event) period observed time series and predicted (expected) time series (January 7, 2025 – Jan-
uary 13, 2025). The predicted (expected) values represent the counterfactual time series – what
would have been expected in the absence of the fires – accounting for seasonal variation, long-term
secular trends, and day-of-week effects that characterize healthcare utilization patterns. Compar-
ing observed values to these expected values isolates the signal attributable to the event. Actual
values are shown in dark red; predicted (expected) values in orange; shaded regions represent
95% Moving Block Bootstrap (MBB) confidence intervals (CIs).
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Figure 3.8: Daily cause-specific percent excess emergency department and inpatient vis-
its due to wildfire PM2.5and evacuation. Association between census tract-level (1) no expo-
sure, (2) moderate smoke, (3) high smoke, and (4) evacuation exposure during the 2025 LA fires
and percent change in excess all-cause and cause-specific emergency department and inpatient
visit rates in the Kaiser Permanente Southern California catchment area from January 7-13, 2025.
Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates
are from an interrupted time-series design that leveraged machine learning methods to estimate
the wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure
category/health endpoint was modeled separately using data from November-January 2022-2025
and time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Figure 3.9: Daily cause-specific excess emergency department and inpatient visits due to
wildfire PM2.5and evacuation. Association between census tract-level (1) no exposure, (2) mod-
erate smoke, (3) high smoke, and (4) evacuation exposure during the 2025 LA fires and excess
all-cause and cause-specific emergency department and inpatient visit rates (per 100,000) in the
Kaiser Permanente Southern California catchment area from January 7-13, 2025. Cause-specific
visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an in-
terrupted time-series design that leveraged machine learning methods to estimate the wildfire-
attributable change in visit rates following the LA fires. Each encounter type/exposure catego-
ry/health endpoint was modeled separately using data from November-January 2022-2025 and
time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the excess visit rates
attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals were
computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles
as the lower and upper bounds.
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Figure 3.10: Daily cause-specific percent excess emergency department and inpatient vis-
its due to evacuation, by evacuation zone. Association between residing in the Eaton or Pal-
isades evacuation zones during the 2025 LA fires and percent change in excess all-cause and
cause-specific emergency department and inpatient visit rates in the Kaiser Permanente Southern
California catchment area from January 7-13, 2025. Cause-specific visits included cardiovascu-
lar, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-series design
that leveraged machine learning methods to estimate the wildfire-attributable change in visit rates
following the LA fires. Each encounter type/exposure category (Eaton vs. Palisades zone)/health
endpoint was modeled separately using data from November-January 2022-2025 and time-varying
covariates to model pre-fire trends. These 20 separate models were then used to predict expected
post-LA fire trends. By comparing the post-fire trends predicted from our models, which served
as a counterfactual, to observed post-fire trends, we calculated the percent change in excess visit
rates attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals
were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th per-
centiles as the lower and upper bounds. When the 95% confidence interval lower or upper limits
were more than 100 times larger than the next-most-extreme value, we truncated the y-axis to the
second-highest (or second-lowest) limit plus a 20% buffer so that the main effect patterns could be
seen. 87
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Figure 3.11: Daily cause-specific excess emergency department and inpatient visits due
to evacuation, by evacuation zone. Association between residing in the Eaton or Palisades
evacuation zones during the 2025 LA fires and excess all-cause and cause-specific emergency
department and inpatient visit rates (per 100,000) in the Kaiser Permanente Southern California
catchment area from January 7-13, 2025. Cause-specific visits included cardiovascular, injury,
neuropsychiatric, and respiratory. Estimates are from an interrupted time-series design that lever-
aged machine learning methods to estimate the wildfire-attributable change in visit rates following
the LA fires. Each encounter type/exposure category (Eaton vs. Palisades zone)/health endpoint
was modeled separately using data from November-January 2022-2025 and time-varying covari-
ates to model pre-fire trends. These 20 separate models were then used to predict expected post-
LA fire trends. By comparing the post-fire trends predicted from our models, which served as a
counterfactual, to observed post-fire trends, we calculated the excess visit rates attributable to the
fires for the 7 days following ignition. 95% empirical confidence intervals were computed using
Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower
and upper bounds. When the 95% confidence interval lower or upper limits were more than 100
times larger than the next-most-extreme value, we truncated the y-axis to the second-highest (or
second-lowest) limit plus a 20% buffer so that the main effect patterns could be seen.
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3.8 Supplemental tables.

Table 3.2: Demographic characteristics of Kaiser Permanente Southern California patients
in the Eaton and Palisades evacuation zones. Number of Kaiser Permanente Southern Califor-
nia patients in the Eaton and Palisades evacuation areas.
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Table 3.3: Daily cause-specific percent excess emergency department visits due to evacua-
tion. Association between census tract-level evacuation exposure during the 2025 LA fires and per-
cent change in excess all-cause and cause-specific emergency department visit rates in the Kaiser
Permanente Southern California catchment area from January 7-13, 2025. Cause-specific visits in-
cluded cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted
time-series design that leveraged machine learning methods to estimate the wildfire-attributable
change in visit rates following the LA fires. Each encounter type/exposure category/health end-
point was modeled separately using data from November-January 2022-2025 and time-varying
covariates to model pre-fire trends. These 40 separate models were then used to predict expected
post-LA fire trends. By comparing the post-fire trends predicted from our models, which served
as a counterfactual, to observed post-fire trends, we calculated the percent change in excess visit
rates attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals
were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th per-
centiles as the lower and upper bounds.
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Table 3.4: Daily cause-specific excess emergency department visits due to evacuation. As-
sociation between census tract-level evacuation exposure during the 2025 LA fires and excess
all-cause and cause-specific emergency department visit rates (per 100,000) in the Kaiser Perma-
nente Southern California catchment area from January 7-13, 2025. Cause-specific visits included
cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-
series design that leveraged machine learning methods to estimate the wildfire-attributable change
in visit rates following the LA fires. Each encounter type/exposure category/health endpoint was
modeled separately using data from November-January 2022-2025 and time-varying covariates to
model pre-fire trends. These 40 separate models were then used to predict expected post-LA fire
trends. By comparing the post-fire trends predicted from our models, which served as a counter-
factual, to observed post-fire trends, we calculated the excess visit rates attributable to the fires
for the 7 days following ignition. 95% empirical confidence intervals were computed using Monte
Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper
bounds.
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Table 3.5: Daily cause-specific percent excess emergency department visits due to evacu-
ation in the Eaton zone. Association between residing in the Eaton evacuation zone during the
2025 LA fires and percent change in excess all-cause and cause-specific emergency department
visit rates in the Kaiser Permanente Southern California catchment area from January 7-13, 2025.
Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates
are from an interrupted time-series design that leveraged machine learning methods to estimate
the wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure
category/health endpoint was modeled separately using data from November-January 2022-2025
and time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Table 3.6: Daily cause-specific excess emergency department visits due to evacuation in
the Eaton zone. Association between residing in the Eaton evacuation zone during the 2025
LA fires and excess all-cause and cause-specific emergency department visit rates (per 100,000)
in the Kaiser Permanente Southern California catchment area from January 7-13, 2025. Cause-
specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from
an interrupted time-series design that leveraged machine learning methods to estimate the wildfire-
attributable change in visit rates following the LA fires. Each encounter type/exposure catego-
ry/health endpoint was modeled separately using data from November-January 2022-2025 and
time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the excess visit rates
attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals were
computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles
as the lower and upper bounds.
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Table 3.7: Daily cause-specific percent excess emergency department visits due to evac-
uation in the Palisades zone. Association between residing in the Palisades evacuation zone
during the 2025 LA fires and percent change in excess all-cause and cause-specific emergency
department visit rates in the Kaiser Permanente Southern California catchment area from January
7-13, 2025. Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory.
Estimates are from an interrupted time-series design that leveraged machine learning methods to
estimate the wildfire-attributable change in visit rates following the LA fires. Each encounter type-
/exposure category/health endpoint was modeled separately using data from November-January
2022-2025 and time-varying covariates to model pre-fire trends. These 40 separate models were
then used to predict expected post-LA fire trends. By comparing the post-fire trends predicted
from our models, which served as a counterfactual, to observed post-fire trends, we calculated the
percent change in excess visit rates attributable to the fires for the 7 days following ignition. 95%
empirical confidence intervals were computed using Monte Carlo simulation with 1,000 iterations,
using the 2.5th and 97.5th percentiles as the lower and upper bounds.
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Table 3.8: Daily cause-specific excess emergency department visits due to evacuation in
the Palisades zone. Association between residing in the Palisades evacuation zone during the
2025 LA fires and excess all-cause and cause-specific emergency department visit rates (per
100,000) in the Kaiser Permanente Southern California catchment area from January 7-13, 2025.
Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates
are from an interrupted time-series design that leveraged machine learning methods to estimate
the wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure
category/health endpoint was modeled separately using data from November-January 2022-2025
and time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the excess visit rates
attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals were
computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles
as the lower and upper bounds.

95



Table 3.9: Daily cause-specific percent excess emergency department visits due to high
smoke. Association between census tract-level high smoke exposure during the 2025 LA fires
and percent change in excess all-cause and cause-specific emergency department visit rates in
the Kaiser Permanente Southern California catchment area from January 7-13, 2025. Cause-
specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are
from an interrupted time-series design that leveraged machine learning methods to estimate the
wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure cate-
gory/health endpoint was modeled separately using data from November-January 2022-2025 and
time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Table 3.10: Daily cause-specific excess emergency department visits due to high smoke.
Association between census tract-level high smoke exposure during the 2025 LA fires and excess
all-cause and cause-specific emergency department visit rates (per 100,000) in the Kaiser Perma-
nente Southern California catchment area from January 7-13, 2025. Cause-specific visits included
cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-
series design that leveraged machine learning methods to estimate the wildfire-attributable change
in visit rates following the LA fires. Each encounter type/exposure category/health endpoint was
modeled separately using data from November-January 2022-2025 and time-varying covariates to
model pre-fire trends. These 40 separate models were then used to predict expected post-LA fire
trends. By comparing the post-fire trends predicted from our models, which served as a counter-
factual, to observed post-fire trends, we calculated the excess visit rates attributable to the fires
for the 7 days following ignition. 95% empirical confidence intervals were computed using Monte
Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper
bounds.
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Table 3.11: Daily cause-specific percent excess emergency department visits due to mod-
erate smoke. Association between census tract-level moderate smoke exposure during the 2025
LA fires and percent change in excess all-cause and cause-specific emergency department visit
rates in the Kaiser Permanente Southern California catchment area from January 7-13, 2025.
Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates
are from an interrupted time-series design that leveraged machine learning methods to estimate
the wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure
category/health endpoint was modeled separately using data from November-January 2022-2025
and time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Table 3.12: Daily cause-specific excess emergency department visits due to moderate
smoke. Association between census tract-level moderate smoke exposure during the 2025 LA
fires and excess all-cause and cause-specific emergency department visit rates (per 100,000) in
the Kaiser Permanente Southern California catchment area from January 7-13, 2025. Cause-
specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are
from an interrupted time-series design that leveraged machine learning methods to estimate the
wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure cate-
gory/health endpoint was modeled separately using data from November-January 2022-2025 and
time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the excess visit rates
attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals were
computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles
as the lower and upper bounds.
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Table 3.13: Daily cause-specific percent excess inpatient visits due to evacuation. Associa-
tion between census tract-level evacuation exposure during the 2025 LA fires and percent change
in excess all-cause and cause-specific inpatient admission rates (per 100,000) in the Kaiser Perma-
nente Southern California catchment area from January 7-13, 2025. Cause-specific visits included
cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-
series design that leveraged machine learning methods to estimate the wildfire-attributable change
in visit rates following the LA fires. Each encounter type/exposure category/health endpoint was
modeled separately using data from November-January 2022-2025 and time-varying covariates
to model pre-fire trends. These 40 separate models were then used to predict expected post-
LA fire trends. By comparing the post-fire trends predicted from our models, which served as a
counterfactual, to observed post-fire trends, we calculated the percent change in excess visit rates
attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals were
computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles
as the lower and upper bounds.
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Table 3.14: Daily cause-specific excess inpatient visits due to evacuation. Association be-
tween census tract-level evacuation exposure during the 2025 LA fires and excess all-cause and
cause-specific inpatient admission rates (per 100,000) in the Kaiser Permanente Southern Califor-
nia catchment area from January 7-13, 2025. Cause-specific visits included cardiovascular, injury,
neuropsychiatric, and respiratory. Estimates are from an interrupted time-series design that lever-
aged machine learning methods to estimate the wildfire-attributable change in visit rates following
the LA fires. Each encounter type/exposure category/health endpoint was modeled separately us-
ing data from November-January 2022-2025 and time-varying covariates to model pre-fire trends.
These 40 separate models were then used to predict expected post-LA fire trends. By compar-
ing the post-fire trends predicted from our models, which served as a counterfactual, to observed
post-fire trends, we calculated the excess visit rates attributable to the fires for the 7 days follow-
ing ignition. 95% empirical confidence intervals were computed using Monte Carlo simulation with
1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper bounds.
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Table 3.15: Daily cause-specific percent excess inpatient visits due to evacuation in the
Eaton zone. Association between residing in the Eaton evacuation zone during the 2025 LA
fires and percent change in excess all-cause and cause-specific inpatient admission rates (per
100,000) in the Kaiser Permanente Southern California catchment area from January 7-13, 2025.
Cause-specific visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates
are from an interrupted time-series design that leveraged machine learning methods to estimate
the wildfire-attributable change in visit rates following the LA fires. Each encounter type/exposure
category/health endpoint was modeled separately using data from November-January 2022-2025
and time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Table 3.16: Daily cause-specific excess inpatient visits due to evacuation in the Eaton zone.
Association between residing in the Eaton evacuation zone during the 2025 LA fires and excess
all-cause and cause-specific inpatient admission rates (per 100,000) in the Kaiser Permanente
Southern California catchment area from January 7-13, 2025. Cause-specific visits included car-
diovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-series
design that leveraged machine learning methods to estimate the wildfire-attributable change in visit
rates following the LA fires. Each encounter type/exposure category/health endpoint was modeled
separately using data from November-January 2022-2025 and time-varying covariates to model
pre-fire trends. These 40 separate models were then used to predict expected post-LA fire trends.
By comparing the post-fire trends predicted from our models, which served as a counterfactual, to
observed post-fire trends, we calculated the excess visit rates attributable to the fires for the 7 days
following ignition. 95% empirical confidence intervals were computed using Monte Carlo simulation
with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper bounds.
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Table 3.17: Daily cause-specific percent excess inpatient visits due to evacuation in the Pal-
isades zone. Association between residing in the Palisades evacuation zone during the 2025 LA
fires and percent change in excess all-cause and cause-specific inpatient admission rates in the
Kaiser Permanente Southern California catchment area from January 7-13, 2025. Cause-specific
visits included cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an in-
terrupted time-series design that leveraged machine learning methods to estimate the wildfire-
attributable change in visit rates following the LA fires. Each encounter type/exposure catego-
ry/health endpoint was modeled separately using data from November-January 2022-2025 and
time-varying covariates to model pre-fire trends. These 40 separate models were then used to
predict expected post-LA fire trends. By comparing the post-fire trends predicted from our models,
which served as a counterfactual, to observed post-fire trends, we calculated the percent change in
excess visit rates attributable to the fires for the 7 days following ignition. 95% empirical confidence
intervals were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and
97.5th percentiles as the lower and upper bounds.
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Table 3.18: Daily cause-specific excess inpatient visits due to evacuation in the Palisades
zone. Association between residing in the Palisades evacuation zone during the 2025 LA fires and
excess all-cause and cause-specific inpatient admission rates (per 100,000) in the Kaiser Perma-
nente Southern California catchment area from January 7-13, 2025. Cause-specific visits included
cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-
series design that leveraged machine learning methods to estimate the wildfire-attributable change
in visit rates following the LA fires. Each encounter type/exposure category/health endpoint was
modeled separately using data from November-January 2022-2025 and time-varying covariates to
model pre-fire trends. These 40 separate models were then used to predict expected post-LA fire
trends. By comparing the post-fire trends predicted from our models, which served as a counter-
factual, to observed post-fire trends, we calculated the excess visit rates attributable to the fires
for the 7 days following ignition. 95% empirical confidence intervals were computed using Monte
Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper
bounds.
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Table 3.19: Daily cause-specific percent excess inpatient visits due to high smoke. Associa-
tion between census tract-level high smoke exposure during the 2025 LA fires and percent change
in excess all-cause and cause-specific inpatient admissions in the Kaiser Permanente Southern
California catchment area from January 7-13, 2025. Cause-specific visits included cardiovascu-
lar, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-series design
that leveraged machine learning methods to estimate the wildfire-attributable change in visit rates
following the LA fires. Each encounter type/exposure category/health endpoint was modeled sepa-
rately using data from November-January 2022-2025 and time-varying covariates to model pre-fire
trends. These 40 separate models were then used to predict expected post-LA fire trends. By
comparing the post-fire trends predicted from our models, which served as a counterfactual, to
observed post-fire trends, we calculated the percent change in excess visit rates attributable to the
fires for the 7 days following ignition. 95% empirical confidence intervals were computed using
Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower
and upper bounds.
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Table 3.20: Daily cause-specific excess inpatient visits due to high smoke. Association be-
tween census tract-level high smoke exposure during the 2025 LA fires and excess all-cause and
cause-specific inpatient admissions (per 100,000) in the Kaiser Permanente Southern California
catchment area from January 7-13, 2025. Cause-specific visits included cardiovascular, injury,
neuropsychiatric, and respiratory. Estimates are from an interrupted time-series design that lever-
aged machine learning methods to estimate the wildfire-attributable change in visit rates following
the LA fires. Each encounter type/exposure category/health endpoint was modeled separately us-
ing data from November-January 2022-2025 and time-varying covariates to model pre-fire trends.
These 40 separate models were then used to predict expected post-LA fire trends. By compar-
ing the post-fire trends predicted from our models, which served as a counterfactual, to observed
post-fire trends, we calculated the excess visit rates attributable to the fires for the 7 days follow-
ing ignition. 95% empirical confidence intervals were computed using Monte Carlo simulation with
1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper bounds.
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Table 3.21: Daily cause-specific percent excess inpatient visits due to moderate smoke.
Association between census tract-level moderate smoke exposure during the 2025 LA fires and
percent change in excess all-cause and cause-specific inpatient admission rates in the Kaiser Per-
manente Southern California catchment area from January 7-13, 2025. Cause-specific visits in-
cluded cardiovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted
time-series design that leveraged machine learning methods to estimate the wildfire-attributable
change in visit rates following the LA fires. Each encounter type/exposure category/health end-
point was modeled separately using data from November-January 2022-2025 and time-varying
covariates to model pre-fire trends. These 40 separate models were then used to predict expected
post-LA fire trends. By comparing the post-fire trends predicted from our models, which served
as a counterfactual, to observed post-fire trends, we calculated the percent change in excess visit
rates attributable to the fires for the 7 days following ignition. 95% empirical confidence intervals
were computed using Monte Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th per-
centiles as the lower and upper bounds.
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Table 3.22: Daily cause-specific excess inpatient visits due to moderate smoke. Associa-
tion between census tract-level moderate smoke exposure during the 2025 LA fires and excess
all-cause and cause-specific inpatient admission rates (per 100,000) in the Kaiser Permanente
Southern California catchment area from January 7-13, 2025. Cause-specific visits included car-
diovascular, injury, neuropsychiatric, and respiratory. Estimates are from an interrupted time-series
design that leveraged machine learning methods to estimate the wildfire-attributable change in visit
rates following the LA fires’ ignition. Each encounter type/exposure category/health endpoint was
modeled separately using data from November-January 2022-2025 and time-varying covariates to
model pre-fire trends. These 40 separate models were then used to predict expected post-LA fire
trends. By comparing the post-fire trends predicted from our models, which served as a counter-
factual, to observed post-fire trends, we calculated the excess visit rates attributable to the fires
for the 7 days following ignition. 95% empirical confidence intervals were computed using Monte
Carlo simulation with 1,000 iterations, using the 2.5th and 97.5th percentiles as the lower and upper
bounds.

109



CHAPTER 4

AIM 3. ITS2S: A PYTHON PACKAGE FOR TWO-STAGE

INTERRUPTED TIME SERIES ANALYSIS USING MACHINE LEARNING

Lauren Blair Wilner1, Joan A. Casey1,2,3, Stephen J. Mooney1, Vivian Do3,4, Yiqun Ma5,

Tarik Benmarhnia5,6, Arnab K. Dey5

1Department of Epidemiology, University of Washington School of Public Health, Seattle, WA, USA
2Department of Environmental and Occupational Health Sciences, University of Washington School of Public Health,
Seattle, WA, USA
3Department of Environmental Health Sciences, Columbia University Mailman School of Public Health, New York, NY,
USA
4Huntsman Cancer Institute, University of Utah, Salt Lake City, UT, USA
5Scripps Institution of Oceanography, University of California San Diego, La Jolla, CA, USA
6Irset Institut de Recherche en Santé, Environnement et Travail, UMR-S 1085, Inserm, University of Rennes, EHESP,
Rennes, France

110



4.1 Abstract.

Background. When randomized controlled trials are infeasible, researchers may leverage nat-

ural experiments for causal inference. Interrupted time-series (ITS) designs compare observed

post-event trends to counterfactual predictions from pre-event data. Two-stage ITS designs use

flexible models to generate optimized counterfactual predictions in the first stage, then estimate

intervention effects by comparing observed to predicted outcomes in the second stage. Fitting

high-dimensional versions of these models is challenging, requiring systematic infrastructure to

ensure rigor and reproducibility.

Methods. In response, we developed its2s, an open-source Python package implementing the

two-stage ITS design with machine learning. its2s allows users to specify an intervention date

and training/testing periods, select among built-in model architectures (e.g., Prophet-XGBoost,

NeuralProphet), and generate confidence intervals via moving block bootstrap, preserving temporal

autocorrelation in residuals. its2s layers defaults, configuration files, and runtime overrides to

support workflows ranging from rapid default implementations to highly tailored analyses.

Results. We validated its2s using two case studies: a simulation with a 12% policy effect, recov-

ering the true effect as 11.77%, and an analysis of the 2021 Pacific Northwest heat dome, finding

53% excess injury mortality over the following three weeks.

Discussion. its2s provides a flexible, reproducible framework for ITS-based quasi-experimental

research, lowering barriers to rigorous machine learning-based counterfactual modeling.
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4.2 Introduction.

Causal inference is a central goal in health and policy research, where the causal effect is defined

as the contrast between outcomes under treatment and outcomes under no treatment for the same

units.59,66 A randomized controlled trial (RCT) is often considered the gold standard for internal va-

lidity, because well-conducted randomization creates two exchangeable groups and researchers

control treatment and assessment, allowing them to infer that differences in the outcome can be

attributed to the treatment. However, in multiple settings, including environmental exposures or so-

cial policies, RCTs are often infeasible or unethical.57,78 For example, researchers cannot assign

climate disaster exposure to one group and a placebo to another – ruling out an RCT and making

causal effects difficult to identify. In these cases, researchers may leverage natural experiments

– events such as policy interventions, climate disasters, or disease outbreaks – whose timing is

plausibly exogenous to factors driving the trends of a given outcome of interest, thus approximat-

ing randomization.57 Some quasi-experimental methods exploit this exogeneity to estimate causal

effects from observational data, with different designs relying on different strategies to reconstruct

the missing counterfactual. Interrupted time series (ITS) designs do so by modeling the outcome’s

pre-event trend and attributing post-event deviations from that trend to the event of interest. ITS

designs are particularly valuable when no credibly comparable control units are available – as

is common for climate disasters such as wildfires and heatwaves, and for broad-coverage public

health policies.74,77,78

ITS designs are applied to time series data: repeated measurements of an aggregate outcome -–

such as weekly deaths or daily hospitalizations – collected at regular intervals in a population before

and after an event. Beyond random variation, such series typically exhibit systematic temporal

structure, including secular trends, seasonality, and temporal autocorrelation. Fundamentally, ITS

designs compare observed post-event outcomes to counterfactual post-event outcomes – what

would have been expected in the absence of the event.77 To estimate this counterfactual, the pre-

event portion of the series is used to characterize the temporal structure, which is then projected

into the post-event period. The most common implementation uses segmented regression to jointly

model pre- and post-event trends as two separate linear segments.74,143 This generates estimates
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of both immediate level shifts (intercept changes) and longer-term trend shifts (slope changes)

following the event.77

Besides traditional identification assumptions in causal inference (e.g. correct model specification,

no spillover), using ITS designs requires additional assumptions including (1) the event timing is

clearly defined, and (2) no other major events sharply affecting the outcome occur concurrently

with the event of interest.77 Additionally, assumptions about the form of the counterfactual depend

on the specific ITS design. In single-group ITS designs (sometimes called single ITS, or SITS),

where no contemporaneous control series is available, the design assumes that when projected

forward, the pre-event trend accurately represents what would have occurred in the absence of the

event. Empirical work has shown that violations of this within-unit counterfactual assumption can

be consequential.144

Beyond these design-level identification assumptions, the most common ITS implementation, seg-

mented regression, has model-specific limitations. First, the researcher must pre-specify the func-

tional form of the underlying trend (typically linear, with optional seasonal or polynomial terms) and

the intervention effect (e.g., an abrupt level shift, a gradual slope change, or a lagged response)

by hard-coding the corresponding dummy and interaction terms into the model.74,78,79 Selecting

the functional form after inspecting the post-event data increases the risk of spurious conclusions

and has been identified as a primary threat to ITS validity.77,144 Second, positively autocorrelated

residuals – common in epidemiological time series – deflate standard errors and produce anti-

conservative confidence intervals. While corrections such as Prais-Winsten or Restricted Maximum

Likelihood with a Satterthwaite degrees-of-freedom adjustment can restore near-nominal coverage

in longer series, no method reliably does so in the short series typical of applied ITS studies.145,146

Third, segmented regression returns a small set of global parameters (level and slope changes)

rather than time-unit-specific excess estimates, limiting its utility for high-dimensional or pooled

analyses. To address these limitations, several alternatives have been proposed, including Autore-

gressive Integrated Moving Average (ARIMA/ARIMAX), Bayesian ITS, and two-stage approaches

with machine learning (ML).79,143,147
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The two-stage ITS approach with ML is a flexible alternative to single-group ITS models that ad-

dresses the limitations specific to segmented regression.61,79 The “two-stage” label refers to a de-

liberate separation of tasks. In the first stage, a flexible ML model (e.g., a hybrid Prophet-XGBoost

model) is trained on a subset of pre-event data, with the remaining pre-event data held out for test-

ing and validation. Once a model is selected based on predictive performance, it is used to forecast

the post-event period under the counterfactual scenario that pre-event trends would continue ab-

sent the event. In the second stage, researchers calculate the effect of the event by comparing

the observed post-event series to this counterfactual. Separating these stages strengthens the

analysis because (1) since the first-stage model never sees post-event data, the functional form

cannot be tuned to the effect it is meant to estimate, and (2) the comparison is made at every time

point, yielding a full trajectory of excess estimates rather than one or two global coefficients. Using

an ML model further strengthens the credibility of the counterfactual, as flexible learners handle

nonlinear trends, seasonality, and autocorrelation without pre-specification of the functional form.

As with all single-group designs, the two-stage ML approach inherits the within-unit counterfactual

assumption discussed above. However, it avoids the additional assumption required by controlled

ITS designs that exposed and unexposed groups have parallel outcome trajectories over time. This

is a meaningful advantage when no credible control unit exists. ML flexibility strengthens the cred-

ibility of the within-unit extrapolation, but it does not eliminate the assumption. Equally important,

because model selection in stage 1 relies only on pre-event data, the impact model is never trained

on (and thus never sees) post-event outcomes – structurally removing the data-driven specification

bias that can compromise traditional ITS. The two-stage approach also yields time-unit-specific ex-

cess estimates rather than a single level or slope coefficient, allowing for richer characterization of

dynamic and cumulative effects.61

Technical and computational barriers may limit uptake of the two-stage ITS approach with ML.

Most applied researchers are experts in their respective fields but have limited specialized train-

ing in selecting cross-validation strategies, splitting data into training and testing sets, or choosing

appropriate ML architectures for time series forecasting. ML approaches are also computation-

ally demanding, and their complexity can make the underlying modeling assumptions difficult to

state and test.79 Generating valid confidence intervals adds further complexity – methods such as
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moving block bootstrap (MBB) preserve temporal dependence by resampling contiguous blocks of

residuals rather than individual observations, but require careful selection of block length, which

is rarely straightforward.61,79 When researchers seek to evaluate multiple events, outcomes, or

model specifications, tracking versions and ensuring reproducibility becomes challenging. While

analytic code accompanying published applications of the two-stage ML ITS approach is publicly

available,61 to our knowledge, no general-purpose, open-source software package implementing

this design exists. Such a package could broaden adoption of the method and more reproducible

research.

We developed its2s, an open-source Python package that provides a user-friendly implementation

of the two-stage ITS approach with ML. The package couples built-in forecasting architectures

with fully customizable default configurations. Reproducibility is supported through timestamped,

versioned run directories and deterministic seeding across parallel batch runs. Here, we describe

the methodological foundation for the two-stage ITS with ML design; detail the its2s package

implementing this approach, and demonstrate its application through two case studies.

4.3 Methods.

To make the two-stage ITS with ML approach accessible to researchers, we developed its2s, an

open-source Python package that implements this design with minimal barriers to entry. Users

can provide as little as a time series dataset and specification of intervention/event date, leaning

on built-in defaults and automation of model fitting, comparison, and effect estimation in its2s.

Researchers can also leverage the full flexibility of its2s to customize every aspect of the work-

flow from data splitting and cross-validation strategies to hyperparameter tuning ranges and model

selection. This flexibility allows researchers to conduct analyses ranging from rapid default imple-

mentations to fully customized workflows tailored to their specific research questions, all within a

reproducible framework.

In stage 1, its2s splits the portion of the time series preceding the event into a training window

and a held-out testing window. A ML model is trained on the training window to learn the outcome’s
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temporal patterns, then evaluated on the testing window to assess out-of-sample predictive power.

Since the goal of this model is to forecast the unobservable counterfactual post-event trend, for

which we do not know the truth, this evaluation of out-of-sample predictive power is essential.

Flexible models can fit their training data well while generalizing poorly,148–150 so it is therefore

vital to ensure that the counterfactual accurately represents the expected post-event period had

the event not occurred. Train/test separation of this kind is the standard approach for evaluating

predictive models in ML and time series forecasting; its2s makes it a structural, non-optional step

of the ITS workflow.150–153

Full time series dataset
with event date

Pre-event data Post-event data

Training data

Optional:
hyperparameter

tuning

Model fitting

Testing data

Model evaluation
(via MASE, MAPE)

Predict test period

Optional: model
comparison

Final model

Predict
counterfactual 

post-event period,
calculate uncertainty

(MBB)

Final output: 

Calculate excess
outcome +/- confidence

interval
 

Observed - Expected

Stage 1 Stage 2

Figure 4.1: Description of its2s analytic workflow. Pre-event data is split into training and
testing sets to build the Stage 1 model and predict the counterfactual time series. Stage 2 estimates
the difference between the observed post-event time series and the counterfactual time series to
estimate the causal effect of the event.

The selected model is then used to generate counterfactual predictions for the post-event period

(or the holdout, in ML terms) - the expected time series had the event not occurred. In stage 2,

its2s compares observed post-event outcomes to these counterfactual predictions to estimate the

effect attributable to the event. Uncertainty is quantified using moving block bootstraps (MBB),154
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which resamples blocks of residuals rather than individual observations to preserve temporal au-

tocorrelation, following the approach in Dey et al.61 The statistical theory underlying the two-stage

ITS approach is described in more detail in Dey et al.61

The two stages of the ITS are implemented in its2s through a small set of high-level functions

organized around a simple core workflow. The primary entry point is run_single_its(), which ex-

ecutes the full pipeline for a single outcome series. This function accepts a time series dataframe,

an event date, and optional specifications for the target, date, and covariate columns, the forecast-

ing model, a YAML config (via path or runtime overrides), an output directory, and a random seed.

The function then splits the pre-event period into training and test windows and fits and evaluates

the selected forecasting model in Stage 1. Currently, this package supports the following ML model

architectures for this model: (1) Prophet + XGBoost hybrid, (2) NeuralProphet, (3) Prophet then

XGBoost, (4) ARIMA. As part of the Stage 1 fit, its2s automatically runs residual diagnostic checks

via compute_diagnostics(), which evaluates the Ljung-Box statistic at pre-defined lags to detect

residual autocorrelation151 and applies the Shapiro-Wilk test for normality.155 These diagnostics di-

rectly assess the validity of the moving-block bootstrap used in Stage 2, whose block length governs

how much residual autocorrelation the resampling preserves and therefore the coverage of the re-

sulting intervals. The block length may be fixed by the user (the default, specified in observations),

or estimated automatically using the Politis and White plug-in rule156; in addition, its2s provides

a diagnostic that traces the width of the event-window confidence interval across a range of candi-

date block lengths, letting the user confirm that the selected length falls in a region where interval

width has stabilized. Because no block length restores nominal coverage when the Stage 1 resid-

uals remain strongly autocorrelated, the Ljung-Box diagnostic serves to verify that the fitted model

has adequately captured the temporal dependence before the bootstrap is applied. The pipeline

returns a PipelineResult object containing fitted values, effect estimates, bootstrap confidence

intervals, and model diagnostics. All results are accompanied by plot_counterfactual(), which

produces a standardized figure showing the observed series, in-sample model fit, counterfactual

prediction with confidence interval ribbon, and event marker. In the case where the same outcome

is studied across multiple geographic units or subgroups, users can use run_batch() to produce

a list of series, parallelizing execution across cores and writing outputs to automatically versioned
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run directories that encode the run date and bootstrap simulation count for all combinations. Con-

figuration at every step is managed through a YAML file loaded via load_config(), which specifies

the split method, bootstrap parameters, and model hyperparameters; any parameter can be over-

ridden at runtime via the config_overrides argument, and all overrides are documented in the

model outputs, providing a reproducible specification that can be version-controlled alongside the

data and code.

For researchers who want to interrogate model selection before committing to a final run, its2s

also provides a set of pre-analysis tools: compare_models() runs all available model architectures

on the same series and returns a ranked comparison table, tune_model() searches the hyperpa-

rameter space for a chosen model via Latin hypercube sampling, and time_series_cv() evaluates

a single model’s out-of-sample performance across expanding folds independently of a full pipeline

run.

We illustrate the package’s application in two case studies. First, we evaluate its2s using a sim-

ulated daily healthcare utilization series with a known ground-truth intervention effect – a synthetic

+12% level shift imposed on March 1, 2025 – to assess how well the estimated counterfactuals

recover the true effect. Second, we use counts of weekly injury deaths in Washington State from

the US Centers for Disease Control and Prevention (CDC) to study the impact of the June 2021

Pacific Northwest heat dome, treating this extreme weather event as a natural experiment.

its2s is maintained on GitHub. All extended documentation can be accessed on the its2s website

here.

4.4 Case studies.

Here we illustrate the utility of its2s in two case studies. Case study 1 leverages simulated data to

recover the effect of a policy intervention on daily healthcare encounters. Case study 2 uses CDC

Wonder data to quantify the impact of the 2021 Pacific Northwest heat dome on injury mortality

in Washington state. The case studies are intentionally simple implementations of its2s, using

predominantly default settings to illustrate the packages’ out-of-the-box utility.
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4.4.1 Case study 1: simulated policy intervention.

Background. Case study 1 is a simulation representing a daily time series of healthcare utilization

counts for a single geographic unit from January 2022 through December 2026, with a synthetic

policy intervention on March 1, 2025. To generate these data, we imposed a baseline of ∼800

visits per day with a moderate upward trend, annual seasonality (peak in early January), day-of-

week effects (weekdays higher than weekends), and lower utilization on US federal holidays (∼18%

reduction). We sampled daily counts from a Poisson distribution. Beginning on the intervention

date, we imposed a constant multiplicative +12% level shift on the rate. We then use its2s to

estimate the intervention effect, providing a ground truth against which to evaluate its2s.

Methods. We use its2s with default settings and a Prophet + XGBoost model (default model) to

fit the pre-intervention period. We reserved the last 20% of pre-intervention days for a testing set,

using all remaining pre-intervention days as training data (default configuration). Our holdout was

comprised of all post-event data (2025-03-01 through 2026-12-31). Uncertainty was generated

using a MBB (default block length of 14 observations, equal to 14 days on this daily series). We

estimated the change in utilization as the difference between the observed utilization count (from

simulated time series) and the expected rate (counterfactual predicted from the model we fit on

pre-intervention data).

Results. During the 671-day post-intervention holdout period (2025-03-01 through 2026-12-31),

we estimated an 11.77% excess visit rate (95% eCI: 10.23%, 12.96%), approximately the true

12% level shift. The Prophet - XGBoost model fit the pre-event test time series reasonably well

(MAPE = 3.9%) (Figure 4.2), facilitating the recovery of an effect size resembling the true effect.

4.4.2 Case study 2: 2021 Pacific Northwest (PNW) heat dome.

Background. In the context of a warming climate, extreme heat is a growing public health concern

linked to elevated mortality not only from cardiovascular and natural causes, but increasingly due
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Figure 4.2: Case study 1: simulation. Case study 1: simulated daily data (grey), pre-intervention
model fit (blue), and counterfactual prediction with uncertainty for the post-intervention holdout (red;
Prophet + XGBoost). Dashed green line represents timing of event.

to injuries (e.g., suicide, drowning, transportation accidents, or occupational accidents in construc-

tion or agriculture).157–160 Though historically the Pacific Northwest region of the US has a mild

summer, in late June and early July, 2021, the region recorded its highest-ever temperatures due

to a ‘heat dome’ where persistent high-pressure atmospheric system trapped and compressed.161

The unprecedented heat among a population with limited previous exposure to such temperatures

and relatively little preparedness may have caused substantial excess mortality.158,161 In this case

study, we treat the heat dome as a random shock and use its2s to apply an ITS analysis to study

subsequent changes in weekly injury deaths in Washington State.

Methods. We analyzed weekly counts of injury deaths in Washington State from January 2014

through July 2021 from CDC Wonder162 to estimate changes in injury mortality in the 3 weeks

following the 2021 Pacific Northwest (PNW) heat dome (intervention date 2021-06-25; holdout

weeks beginning 2021-06-26, 2021-07-03, and 2021-07-10). This analysis mirrors that of Casey

et al. 2023 (158), who used ARIMA modeling. Our case study built a model using most of the default

its2s settings. Given the strong seasonal temperature trends, we did not use default settings for

the train/test split. Instead, we adjusted it to length the training period in order to ensure sufficient

training data for the model to capture the seasonality sufficiently. We thus fit a new model on
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pre-event data (379 pre-event weeks and reserving 11 weeks (78 calendar days, 2.8% of pre-

intervention observations) for out-of-sample testing immediately before 25 June 2021, a deviation

from the default). We achieved a reasonable fit on these parameters, though future iterations could

adjust the default settings further, too. The counterfactual time series was generated for the 3

weeks following the event, and uncertainty was quantified using MBB. The change in injury deaths

was defined as observed minus expected (counterfactual) counts during the post-event holdout

period.

Results. During the 3-week holdout, we estimated 193 excess injury deaths (95% eCI: 179, 217)

relative to the counterfactual, corresponding to a 53% excess (eCI: 49%, 60%). Excess injury-

related mortality was highest in the middle week (week beginning 2021-07-03: 104 excess deaths

[99, 118]), when observed counts reached 229 versus ∼125 expected. The Prophet-XGBoost

model fit the pre-event test time series reasonably well (MAPE = 5.5%) (Figure 4.3).

This case study capitalizes on the random timing of the 2021 PNW heat dome to estimate changes

in injury mortality attributable to the event. These results are comparable to Casey et al., who

reported 159 excess injury deaths (95% CI: 122, 195) over a comparable 3-week window158. Our

estimates in this ITS analysis are of similar magnitude and show that its2s can be applied in a

few lines of code using default workflow settings. This analysis had many limitations – including

lack of time-varying covariate adjustment and weekly aggregation, which may mask important daily

changes in mortality – but demonstrated a user-friendly implementation of the package for a well-

defined shock.

4.4.3 What we learn from these case studies.

Together, these case studies show its2s applied with minimal API calls and largely default settings

across two complementary settings – a simulated policy intervention in which the package closely

recovered a known +12% level shift, and a real extreme-heat mortality application yielding plausi-

ble excess estimates. Both examples are illustrative, and are meant to highlight a single workflow

for internal validation when ground truth is available. Real-world implementations may range from
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Figure 4.3: Case study 2: Pacific Northwest heat dome. Case study 2: observed weekly injury
deaths in Washington State (grey), model fit on pre-intervention data (blue), and counterfactual pre-
diction with uncertainty for the 3-week post–heat-dome holdout (red; Prophet + XGBoost). Dashed
green line represents timing of event.

simple applications as demonstrated here to more complex ones that involve (1) covariate adjust-

ment, (2) custom hyperparameter choices, (3) multi-model comparison frameworks, or (4) dynamic

block length selection for estimating uncertainty using MBB.

4.5 Discussion.

The objective of employing a two-stage ITS with ML approach is to estimate the effects of an event

or intervention by capitalizing on the timing of natural experiments. ITS can be applied to a wide

range of natural experiments, including climate shocks (e.g., extreme heat events, wildfires, hur-

ricanes), social or urban policies (e.g., alcohol control policies, protected bike lane) or healthcare

policies (e.g., Medicaid expansion). The its2s software package allows users to readily imple-

ment this study design. The package provides a structured and documented tool for each deci-

sion point in the analytical process: time_series_cv() for evaluating out-of-sample performance,

compare_models() for comparing model architectures, tune_model() for searching the hyperpa-

rameter space along options to use data-driven block-length selection for the bootstrap. its2s

serves both straightforward use cases, allowing researchers to obtain results quickly with built-in
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defaults, and advanced use cases with customized pipelines.

Improving model performance – through model selection, covariate specification, or hyperparam-

eter tuning – is the primary lever for strengthening the causal estimates produced by the two-stage

ITS approach.61,77 However, achieving good test performance requires researchers to navigate a

large and interdependent space of methodological decisions.79,146,163 First, researchers must de-

termine the amount of pre-intervention data to reserve for testing, where too short a test window

yields unstable performance metrics, while too long a window leaves too little training data – and

the right balance depends on the total length of the pre-intervention series.150,152 Once the data

are split, researchers need to choose from different model architectures, each with different as-

sumptions about trend, seasonality, and residual structure.77,79,164,165 Evaluating candidates sys-

tematically requires time-series cross-validation, which introduces further structural choices (e.g.,

the number of folds, the validation window length, and the skip gap between folds needed to pre-

vent information leakage into the held-out test period).152,153 Once a model is selected, searching

the hyperparameter space adds another layer as each architecture exposes a distinct configuration

space, and evaluating it systematically requires running many cross-validated fits whose cost grows

with series length and model complexity.79,165 Further, when estimating uncertainty, for the MBB,

the appropriate length should theoretically reflect the autocorrelation structure of model residuals -

a structure that varies across series and model specifications.79,154,156,166 This means that a single

fixed value for the block length is rarely justified, adding a further analytical decision after the model

is fit.

These challenges scale sharply in typical epidemiological applications, where the same analytic

steps often need to be repeated across multiple geographic units, age groups or other strata,

and outcome types within a single study, and where sensitivity analyses may necessitate varying

the training window, cross-validation specifications, or model specifications across an additional

set of runs. By automating configuration management, batch processing, and version tracking,

its2s eliminates much of the time-consuming and error-prone infrastructure burden. This allows

researchers to focus on scientific decision making – hyperparameter tuning, model selection, in-

terpretation – rather than maintaining ad hoc hard-coded scripts and tracking systems.79
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While its2s is well-suited for time series analyses with sufficient observations, a clearly defined

event or intervention, and data over a relatively long time period (e.g., enough training data to span

a full cycle of seasonality), the package has several limitations.

First, this package inherits all the limitations of an ITS design. The validity of the ITS design relies

on effective counterfactual estimation, which requires an unverifiable assumption – that pre-event

trends would extend into the post-event period absent the event of interest. While strong out-of-

sample predictive power is a reasonable indicator of the model’s ability to generalize, it cannot

ensure an accurate counterfactual. The design also assumes that no other shock coincides with

the event of interest, which only the researcher, not the package, can check. Additionally, the

ITS design is not a good fit for studies involving events or interventions with uncertain timing or

prolonged duration. From a package perspective, the flexibility of its2s risks overfitting – requiring

researchers to carefully test and validate models. Additionally, while its2s provides functionality to

run large batches of different models, it does not handle model-specific customization automatically

– this remains a decision for the research team. Finally, while its2s provides a computationally

efficient framework, computational demands still scale substantially as datasets grow, batches

increase, or hyperparameter grids expand.

When exposures cannot be randomized, natural experiments allow researchers to recover causal

effects from abrupt exogenous shocks. If the timing of an event is assumed at-random with re-

spect to other outcome determinants, using a population’s own pre-event trajectory can serve as

the counterfactual for what would have occurred in the absence of the event – and the difference

between the observed and expected outcome trajectories can be interpreted causally. Among the

strongest methods for studying these natural experiments is the ITS design. The two-stage ITS

with ML approach enhances this method by estimating a counterfactual that flexibly captures com-

plex temporal and seasonal trends. This flexibility introduces methodological and computational

barriers to entry that have limited its adoption. We introduce its2s as a solution, providing a stan-

dardized, reproducible, computationally efficient implementation of the method accessible to all

skill levels. its2s expands the toolkit for leveraging natural experiments to conduct rigorous, re-

producible causal inference – allowing researchers to rapidly and reproducibly quantify the impacts

of exogenous shocks and policy interventions.
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CHAPTER 5

CONCLUSION
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5.1 Overview.

In the context of escalating, co-occurring, and compounding wildfires and power outages, under-

standing the effects of these climate disasters on population health is essential to protecting both

humans and the environment through policy and regulation. However, studying these climate dis-

asters – and particularly how they affect the most vulnerable communities – is methodologically

challenging. Doing so credibly requires comparing an exposed population to a counterfactual pop-

ulation to determine the effect of the disaster on health outcomes. This dissertation applied two

self-controlled quasi-experimental designs that build such counterfactuals from observational data.

Specifically, I leveraged the time-stratified case-crossover design and two-stage ITS with machine

learning approach. I demonstrate these quasi-experimental designs through two applied aims,

each contributing substantively to our understanding of wildfires and power outages – specifically

planned PSPS events – and their effects on health. A third aim then generalizes the two-stage

method into an open-source software package for the broader research community.

5.2 Summary of key findings.

5.2.1 Aim 1: PSPS, wildfires, acute healthcare utilization.

The first aim of this dissertation used a time-stratified case-crossover design to estimate the inde-

pendent and joint health effects of wildfire smoke and public safety power shutoffs (PSPS), a previ-

ously unexamined climate adaptation strategy meant to prevent wildfires. Leveraging circuit-level

power outage data and modeled wildfire PM2.5 estimates,85,167 we found that the odds of same-day

respiratory and COPD-specific encounters were elevated following a severe PSPS event. Impor-

tantly, we found evidence of multiplicative interaction between severe PSPS events and wildfire

PM2.5 exposure for respiratory- and COPD-related encounters, with the strongest and most con-

sistent effects for those with COPD or over 65 years.

The case-crossover study design is self-controlled and well-suited to studying abrupt, well-defined,
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and co-occurring exposures like PSPS events and wildfire smoke, where individual-level con-

founders are unlikely to change over the short exposure window. As wildfire risk drives continued

and expanding use of PSPS events as a mitigation strategy, understanding their unintended health

consequences is critical to ensuring that efforts to reduce wildfire risk do not introduce new health

harms.

5.2.2 Aim 2: 2025 LA fires.

The second aim of this dissertation used a two-stage ITS with machine learning approach to esti-

mate the effects of the unprecedented 2025 LA fires, where both smoke and evacuation impacted

nearby populations, on emergency department and inpatient healthcare utilization. Given high

winds and limited ground-based monitoring, we used National Oceanic and Atmospheric Adminis-

tration (NOAA) HYSPLIT trajectories to accurately ascertain PM2.5 exposure following these fires.

We also leveraged evacuation polygons from county governments, which, together with our smoke

exposure assessment, allowed us to examine how these two components of the wildfire disaster

may have separately impacted healthcare utilization. In the week following ignition, among those

exposed to heavy smoke, cardiovascular and neuropsychiatric visits increased, while respiratory

visits declined. Among those in evacuated areas, we found an overall reduction in care-seeking,

though this varied across areas and may reflect differences in socioeconomic status and other

household-level factors.

The two-stage ITS design allowed us to build a counterfactual for an abrupt, single shock that

otherwise would not have had a reasonable comparison population, making it possible to quantify

the effects of these fires on healthcare utilization – work that will become increasingly vital as fires

of this nature become more frequent and widespread.
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5.2.3 Aim 3: its2s.

The third aim of this dissertation generalized the method used in aim 2 – the two-stage ITS with

machine learning design – by developing an open-source Python package, its2s, for user-friendly

implementation of this approach. its2s lowers the barrier to entry and makes it substantially easier

for researchers to apply the two-stage ITS method to their own data. This work is featured on

its website and was presented at the 2026 International Society for Environmental Epidemiology

North American Chapter meeting in Baltimore, Maryland. Understanding how climate disasters

affect health, and developing rigorous methods to study these effects, is critical – but accessible

implementation of these methods depends on the availability of usable tools. Contributing to the

larger environmental epidemiology toolkit is therefore essential to advancing the study of climate

disasters and health.

5.3 Future directions.

Together, this dissertation’s three aims advance the foundation of quasi-experimental methods for

environmental epidemiology, demonstrating the ways in which causal inference approaches may

be adapted to characterize how climate disasters affect health. Yet, substantial methodological,

substantive, and computational gaps remain – as climate disasters, particularly wildfires, grow to

affect more places and people, findings must be validated across different populations, and tools

to study them must be refined and scaled.

5.3.1 The shifting landscape of climate disasters.

A changing hazard landscape.

Climate disasters are no longer rare nor geographically confined events. Further, new and unstud-

ied mitigation strategies designed to address them are also expanding. Wildfires and PSPS events,

the focus of this dissertation, exemplify this pattern. As human populations and wildfires continue
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to converge in the expanding WUI, a growing number of people are exposed to wildfire burn zones,

wildfire PM2.5, and associated disruptions such as evacuation. Utilities have increasing used PSPS

events as a strategy to reduce the risk of wildfires. These events can cut power to hundreds of indi-

viduals, with potential health implications. Further, wildfires can still ignite even after a PSPS event

has been initiated, exposing populations to simultaneous power outages and wildfire smoke. This

pattern, where mitigation of climate hazards can harm health and co-occur with the hazard they

are meant to prevent is likely to repeat across other hazard-mitigation pairs, such as flooding and

closing of flood gates. Such shifts necessitate not only studying the joint effects of these hazards

and mitigation strategies, but also studying larger and more diverse geographic areas exposed to

them. As the breadth of inquiry in this field expands, it is also essential to continue developing

methods and methodological tools to do so.

The energy transition.

Massive shifts in energy infrastructure have the potential to ameliorate health impacts of climate

disasters, shifting the landscape of climate epidemiology. To date, the cost of solar and battery

storage has declined rapidly and much faster than predicted – and is projected to continue to de-

cline.168 Further, deployment of distributed energy resources, including solar power and battery

storage, will also enhance grid resilience, particularly during a climate hazard such as a wild-

fire.169,170 As these technologies become more affordable, these shifts will theoretically reduce the

number of customers affected by power outages – thereby reducing dual exposure to wildfires and

power outages. Potentially lowering exposure or introducing different unintended consequences,

this transition will be critical to the study of climate disasters and health – particularly those that

co-occur with power outages.

A shifting exposed population.

Beyond the nature of climate exposures themselves, the nature of who is exposed to these disas-

ters – and where – is likely to shift. Population movement into the WUI continues to grow, placing

a growing number of people in the path of wildfires.6 Simultaneously, climate-driven out-migration
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from high risk areas has started for many climate disasters – though it is currently less common for

wildfires and occurs with just the most severe events, this pattern is likely to grow to mimic other dis-

asters.171–173 Further, home insurance incentives have both push and pull effects on people living

in high wildfire risk areas, and these markets will continue to evolve as the landscape shifts.174 In

the highest-risk areas, regular insurance companies are expected to cover fewer homes over time

— by 2055, their share of the market could drop by 5 percentage points as prices rise and coverage

worsens. That means more homeowners will likely end up relying on the state’s backup insurance

plan or pricier, less-regulated insurers just to stay covered.174 These counteracting trends will re-

shape the nature of exposure to climate disasters in the coming years.

5.3.2 Improving exposure and outcome assessment.

Improving exposure assessment is essential to successful environmental epidemiological inquiry.

Often, exposure assessment is based on ambient conditions at the residential address. However,

this assumes people are home during the exposure window – an assumption that may not hold for

the full duration of most environmental exposures. An individual may be exposed to high wildfire

PM2.5at work and during transit, for example, followed by low exposure after work, yet residential

address-based assignment would assign this individual only low wildfire PM2.5exposure. Even

when individuals remain at home for the duration of an exposure, residential address alone does

not always capture true exposure. Ambient air quality data cannot account for individual behavior

indoors – whether windows are open or closed, whether a HEPA filter is used, or how much time is

spent inside versus outside – while indoor air quality monitors, conversely, fail to capture conditions

in the ambient outdoor environment. Often, the true split between indoor and outdoor exposure

is simply unknowable. Even knowing this split does not resolve the misclassification, because

indoor air quality itself responds to outdoor smoke in non-uniform and often unmeasured ways. The

median indoor PM2.5rises on wildfire smoke days even as people close windows and run air filters,

such that outdoor exposure rarely translates directly into personal exposure.175,176 Without knowing

both the individual splits of time spent indoor-outdoor, as well as the size of the gap between

indoor and outdoor PM2.5, accurately determining exposure remains challenging. Beyond these
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measurement challenges, wildfire PM2.5is not a uniform exposure – its chemical composition, which

varies substantially by fuel type, combustion conditions, and meteorological factors, may make it

more harmful than ambient PM2.5from other sources at equivalent concentrations.21 Residential

exposure assignment also fails to capture longer-term consequences of wildfire smoke, including

the cumulative effects of repeated PM2.5infiltration into homes or the potential downstream effects

on soil or water quality.

Researchers consistently seek to improve methods for exposure assessment in environmental epi-

demiology, including both how exposures are measured and how they are assigned to individuals.

With respect to measuring the exposure itself, novel data sources increasingly allow for more gran-

ular spatiotemporal quantification of environmental hazards. In aim 2 of this dissertation, for ex-

ample, we leveraged NOAA HYSPLIT trajectories in place of stationary EPA monitor data to more

precisely ascertain where wildfire PM2.5was present given strong, directional Santa Ana winds –

an approach that allowed for continuous measurement over time and precise spatial placement of

smoke. As these data become more accessible, future research will be better equipped to cap-

ture the complexity of environmental exposures at more granular spatiotemporal resolutions. With

respect to assigning this exposure to individuals, future research may leverage new technologies

such as wearable devices, smartphone mobility data, or low-cost personal PM2.5sensors, offering

the potential for more accurate individual-level exposure ascertainment. Researchers may also

consider leveraging internet-connected devices to determine individual-level exposure, though it is

important to consider both individual-level power outage exposure as well as the larger community-

level disruption of a power outage in an area where many people and businesses lost power, even

if a given individual did not lose power.

The other piece to better understanding the exposure-outcome relationship with greater accuracy

is improving the outcome data used. Future research should consider data sources that allow

studies to measure adverse health outcomes directly, alongside healthcare utilization, as these

capture distinct but complementary phenomena – healthcare utilization reflects care-seeking be-

havior in addition to population health, while direct health outcomes reflect the underlying health in

the population. Healthcare utilization data can miss people who lack health insurance, live far from

care, or choose not to seek care for other reasons. Both healthcare utilization and health status
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are important endpoints, but capture different outcomes. Additionally, leveraging data sources that

capture health in the population more broadly would allow researchers to generate more general-

izable results. To do this, researchers could leverage electronic health record (EHR) data to set

up rapid cohort studies or collect biospecimens among large groups in the aftermath of a disaster.

EHR-based outcomes could be validated through high-quality subsets to quantify sensitivity and

specificity, adding further credence to results.

5.3.3 Advancing methods.

Causal inference relies on credible counterfactuals. Building credible counterfactuals from obser-

vational data remains the central methodological challenge in environmental epidemiology – and

the fundamental problem is that the true counterfactual, what would have happened in the ab-

sence of a climate disaster, is by definition unobservable. Quasi-experimental designs such as

time-stratified case-crossover studies and two-stage ITS approaches offer powerful tools for ap-

proximating these comparisons, but no method can confirm whether its counterfactual is correct.

In the two-stage ITS with machine learning approach, for example, the ML-generated counterfac-

tual rests on the assumption that pre-disaster trends would have continued had the disaster not

occurred – an assumption that cannot be directly tested. Future research should develop more rig-

orous approaches to characterize uncertainty around this assumption, including alternative hold-

out strategies, comparisons across modeling specifications, and simulation studies under known

data-generating processes.

At the same time, existing quasi-experimental designs often estimate the effects of one hazard at

a time, yet climate disasters rarely occur in isolation. Extending self-controlled designs to jointly

estimate the effects of co-occurring exposures and to capture the compounding effects of repeated

or sequential hazard exposure on the same population over time will be critical for the future of this

field as climate change accelerates. This type of research will require further methods development

to compute increasingly complex counterfactuals.
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5.3.4 Lowering barriers to entry.

A major barrier to advancing these methods remains accessibility. Working with large, heteroge-

neous data sources and adopting complex quasi-experimental methods requires both computa-

tional infrastructure and subject-matter expertise. Closing this gap requires prioritizing both open-

source software and openly available training resources – so that scientists can focus on the scien-

tific questions rather than the computational ones. In practice, this may include conference work-

shops and open tutorials built around real datasets, well-documented open-source packages, or

AI coding assistants that lower the barrier to implementing unfamiliar methods correctly. It means

both providing the tools and training the researchers to use those tools.

5.3.5 Generalizability and transportability.

The findings presented in this dissertation may not generalize beyond the specific utility regions,

health systems, and populations studied in California. While California is suitable place to study

wildfires and health given the frequency and diversity in exposure, replication across other states,

fire regimes, power grids, and health data systems is therefore critical – both to validate these

findings and to understand the conditions under which they may or may not hold.

5.4 Policy and intervention implications.

As climate disasters intensify and their health consequences become better understood, the quality

of the evidence used to inform policy responses is essential. Generating causal, rather than merely

associational, evidence is essential to informing the policies and regulations designed to protect

population health in the context of climate disasters. Associational evidence can identify patterns,

but causal evidence is required to confidently attribute health effects to specific exposures and to

propose appropriately targeted regulatory action. The findings of this dissertation contribute to this

evidentiary base for two specific climate hazards – wildfire PM2.5and PSPS events.
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With respect to wildfire PM2.5specifically, the findings here support continued refinement of guid-

ance and regulation around air quality, particularly for vulnerable populations. Policymakers should

consider additional protections for older adults, individuals with chronic conditions such as COPD,

and people reliant on eDME. Medicare could, for example, consider covering devices such as

HEPA filters or backup batteries, particularly for these populations. Such action would likely result

in cost-savings, in addition to improved health in these vulnerable groups.

Beyond mitigating exposure, health systems and payers should also consider how to prepare for the

wildfire PM2.5exposure during these disasters in advance. This may include pre-emptively reaching

out to patients with respiratory or cardiac conditions ahead of forecasted smoke events, or estab-

lishing surge-capacity protocols for emergency departments and virtual care during smoke waves.

Emergency Medicare and Medicaid provisions – such as early prescription refills or coverage for

portable backup power for medical equipment during declared PSPS or wildfire disasters – may

further reduce these harms.

Utilities, forest management agencies, and public health regulators may also consider the trade-

offs between mitigation strategies, such as prescribed burns or PSPS events, and their unintended

consequences on population health. For example, findings indicate that moderate prescribed burn-

ing reduced total population-weighted wildfire PM2.5exposure by more than half, relative to no-burn

scenarios, but that these health benefits plateaued – prescribed burn-specific PM2.5begins to rival

wildfire PM2.5at higher levels.177 PSPS events are typically triggered based on a utility’s cost–

benefit calculation of wildfire risk against service disruption, one that does not explicitly weigh the

health consequences of the outage itself. The findings in this dissertation make the case for in-

corporating exactly this kind of evidence into that decision-making framework. For PSPS events

specifically, particular attention should be paid to populations who are most vulnerable to power

outages, including those who rely on eDME and older adults aging in place.

However, power outages carry their own risks to health and wellbeing, and this tradeoff must be

weighed as well. Utility-caused wildfires are common and devastating, but they largely stem from

grid infrastructure that has been chronically undermaintained – fragile, above-ground lines that are

especially vulnerable to high winds during fire season. Burying power lines and other proactive grid
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upgrades could reduce reliance on PSPS as a mitigation tool altogether, avoiding both the ignition

risk and the health harms of the outages used to manage it. However, who bears the cost of these

upgrades, and how that responsibility should be distributed, remains an open question.

As the energy transition reshapes the grid, as we consider other mitigation strategies, ensuring that

distributed energy resources are accessible to these populations will be essential to protecting them

from wildfires and their mitigation efforts alike. Across both hazards, protections and preparedness

resources should be prioritized for the communities that are most exposed and least equipped to

respond.

5.5 Conclusion.

The escalating frequency and complexity of climate disasters requires rigorous causal inference

methods to generate the evidence needed to understand impacts on population health so that

protective measures can be put into place. This dissertation contributes to the development and

application of quasi-experimental designs well-suited to studying the effects of these events on

health. The first two aims apply two such self-controlled designs, a time-stratified case-crossover

study and a two-stage ITS with machine learning approach, to characterize the effects of wildfires

and associated planned power outages on health. The third aim extends the ITS framework and

lowers the barrier to its implementation through the development of open-source software to im-

plement the design. With the intensification of climate disasters, the populations affected will be

more diverse and the exposures more complex – and the credibility of the evidence used to protect

them will depend on the rigor of the causal inference methods used to generate it.
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