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Disclaimer 

The Modeling the Future Challenge competition (Competition) is a research competition for high school students sponsored 

by The Actuarial Foundation and the Institute of Competition Sciences (collectively, the Sponsors) solely for educational pur-

poses.  

The mathematical models, conclusions, concepts, ideas, proposals, recommendations, presentations, methods, practices, 

sources, videos, graphs, tables, charts, assumptions, conclusions, and other information presented by the students (including 

the winning students) in connection with the Competition (collectively, the “information”) are created solely by the students 

for use in connection with the competition and as a learning tool. The information has not been validated, tested or otherwise 

confirmed. The information may not be accurate and may not be (i) used or relied upon for any reason, (ii) cited or quoted in 

a way that would imply accuracy, or (iii) presented as fact. The Sponsors have not validated, and do not “approve” or “endorse” 

the information or the competitors (including the winners) and the information may not be cited in any way that would imply 

such approval or endorsement. The students competing in the Competition are not authorized to speak on behalf of the Sponsors 

or the Competition. Any articles, appearances, interviews or quotes issued by competitors are done in their individual capacity 

and not on behalf of, or in connection with, the Sponsors or the Competition (unless specially authorized or published by the 

Sponsors). 

By viewing or otherwise accessing the information, you expressly assume all risk of loss, harm or injury resulting from the use 

or misuse of such information. The Sponsors do not make any guarantee, representation, or warranty, express or implied, at 

law or in equity, and the Sponsors expressly disclaim all such guarantees, representations or warranties whatsoever, as to the 

validity, accuracy or sufficiency of any of the information. The Sponsors (including, without limitation, their respective direc-

tors, officers, volunteers, employees, agents, attorneys and members) are not responsible for any injuries, claims, losses or 

damages to persons or property that a viewer (or any third party) may incur arising, directly or indirectly, out of or as a result 

of any actual or alleged libelous statements; infringement of intellectual property or privacy rights; product liability, whether 

resulting from negligence or otherwise; or from any use or reliance on any of the information. 
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1 Executive Summary 

        Heatwaves, locally defined as having at least three consecutive days with temperatures exceeding 90 °F, are a significant 

and growing risk to public health in New York City (NYC), particularly as climate change intensifies their frequency and 

severity. Rising global temperatures have led to more prolonged and intense heatwaves, exacerbating health risks, especially 

for vulnerable populations. The urban heat island (UHI) effect exacerbates these risks by increasing localized temperatures in 

densely built environments. As extreme heat events have increased in NYC, the health burden associated with them has become 

a pressing concern. The heatwave season now lasts significantly longer than in past decades, contributing to hundreds of heat-

related emergency department (ED) visits and hospitalizations each summer. Consequently, emergency response systems face 

increased strain. This study seeks to quantify the relationship between heatwaves and heat-related ED visits, project future risks 

under different climate scenarios and offer recommendations for risk mitigation. 

        The analysis incorporates the National Oceanic and Atmospheric Administration (NOAA) daily weather data (1979–2024) 

for long-term temperature trend analysis, NOAA hourly weather data, aggregated to daily values, and daily ED visit counts 

from the NYC Department of Health and Mental Hygiene to examine the relationship between heatwaves and ED visits (2017–

2023, May–September). Climate projections (2015–2100) are derived from 21 CMIP6 climate models under three Shared 

Socioeconomic Pathways (SSPs) (SSP 2-4.5, SSP 3-7.0, and SSP 5-8.5), modeling different greenhouse gas emissions and 

climate change scenarios. We defined different climate measures related to temperature, humidity and air pollution and exam-

ined their correlation with heat-related ED visits. We further used a distributed lag non-linear model (DLNM) with quasi-

Poisson regression to assess the potentially nonlinear and delayed effects of each candidate risk factor on heat-related ED visits. 

The best fitted model having the smallest deviance suggested that daily maximum temperature is the best predictor. Fitted 

values from this model estimated the relative risk of heat-related ED visits during heatwave conditions to be as high as 7.93 

with 95% CI (7.71, 8.16), indicating that heatwaves are a significant risk factor for heat-related ED visits. Assuming the ex-

pected number of heat-related ED visits during non-heatwave days does not change over time, future projections of heat-related 

ED visits in 2075-2100 were calculated using both estimated relative risk and the increase in total heatwave days from those 

in 2017-2023 based on different climate models. The medical cost of these events is projected to range from $70 million (under 

SSP 2-4.5) to $1.2 billion (under SSP 5-8.5). If effective risk mitigation strategies successfully reduce the daily maximum 

temperature by 0.5-1°C, then the maximum medical cost for all heat-related ED visits in 2075-2100 would reduce by $137-

$286 million. If combining adaptation, increasing in public awareness and other effective risk mitigation strategies could lower 

the relative risk of heatwave on heat-related ED visits by 25-50%, the corresponding maximum medical cost could be reduced 

by $384-$686 million. 

         We evaluated multiple mitigation strategies, focusing on their cost-effectiveness in reducing heat-related ED visits. While 

increasing tree canopy by 3.3% could achieve a 1°C cooling effect, the associated cost (~$1.2 billion) exceeds projected 

healthcare savings. In contrast, more targeted interventions—such as expanding cooling centers and heat alert systems ($10–

$30 million/year), scaling behavioral education programs ($20–$40 million/year), and implementing insurance subsidies ($30 

million/year)—offer comparable or greater medical cost reductions ($286–$686 million), with broader public health and equity 

benefits. These strategies are especially effective when layered to reduce both exposure and population vulnerability. 

       This study underscores the urgent need for proactive policies to protect NYC residents from the increasing threat of heat-

waves. By integrating climate resilience strategies into urban planning, public health initiatives, and insurance frameworks, 

policymakers can work toward reducing the human and economic costs of extreme heat events while ensuring long-term sus-

tainability and public safety.  
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2 Introduction and Background 

Climate change, driven by rising greenhouse gas emissions, is dramatically increasing the frequency and intensity of heat-

waves worldwide. Heatwaves are prolonged periods of extreme heat, often accompanied by high humidity, which pose signif-

icant health and environmental risks. According to the Environmental Protection Agency (EPA), heatwaves in major U.S. cities 

have tripled since the 1960s, and the heatwave season now lasts 46 days longer than in previous decades [1]. 

While heatwaves are a global concern, their impacts are particularly severe in urban environments, where dense infrastruc-

ture and limited green space amplify heat exposure. New York City’s approximately eight million residents are especially 

vulnerable due to the Urban Heat Island (UHI) effect, where concrete, asphalt, and compact urban surfaces absorb and retain 

heat, exacerbating already high temperatures [2,3,4]. In fact, 78% of NYC residents live in neighborhoods with UHI intensities 

of 8°F or more—the highest urban heat exposure profile of any major U.S. city [5]. NYC is one of the most densely populated 

U.S. cities, with 29,000 people per square mile [6], intensifying both heat exposure and mitigation challenges. Figure 1 illustrates 

the health impacts of extreme heat, including direct effects (e.g., heat illnesses and hospitalizations) and indirect effects (e.g., 

increased accident risks, disease transmission, and infrastructure disruptions). 

In the United States, heat is 

the leading cause of weather-re-

lated deaths, surpassing fatalities 

from hurricanes and floods [8]. The 

frequency of heatwaves has 

climbed from an average of two 

per year in the 1960s to six per 

year in recent decades in major 

U.S. cities [1]. Nationally, an aver-

age of 702 heat-related deaths oc-

curred annually between 2004 and 

2018, predominantly among older 

adults and individuals with 

chronic health conditions [9]. Lo-

cally, New York City experiences 

an estimated 350 heat-related 

deaths each year [10]. 

Heatwaves also trigger surges 

in emergency department (ED) 

visits due to conditions such as heat exhaustion, cardiovascular distress, and dehydration [11,12]. Unlike mortality data, ED visit 

data offer more immediate insight into population-wide impacts, allowing for faster public health interventions [13]. For instance, 

NYC hospitals reported 25 heat-related ED visits in a single day in July 2023 [14], and over 700 heat-related ED visits during 

the summer of 2022—a 13% increase over the previous year and the highest since 2018 [15]. In June 2024, New York State 

hospitals observed a 500% to 600% increase in heat-related ED visits compared to previous years [16]. These impacts are not 

evenly distributed. Older adults, low-income communities, outdoor workers, and individuals with chronic conditions remain at 

greatest risk [17,18,19,20]. Nationally, excessive heat is projected to result in approximately 235,000 ED visits and over 56,000 

hospital admissions each summer, with related healthcare costs exceeding $1 billion annually [21]. In New York City alone, 

 

Figure 1: Health Impacts of Exposure to Extreme Heat [7] 
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extreme heat leads to an estimated 450 ED visits and 150 hospital admissions annually for heat-related illnesses, totaling ap-

proximately 600 cases per year [22]. These incidents place additional strain on an already overburdened healthcare system and 

disproportionately affect vulnerable populations. 

Financially, heatwaves place significant stress on families (due to medical expenses and lost work) and on local govern-

ments (due to surging emergency services and infrastructure demands) [23,24]. The surge in heat-related illnesses has likely led 

to increased healthcare expenditures for public hospitals, reflecting a growing financial burden on the city’s healthcare system. 

These conditions adversely affect residents, businesses, and public health departments alike: residents face dehydration, heat 

exhaustion, and other health risks; businesses may struggle with reduced productivity and forced closures; and local govern-

ments must mobilize resources such as cooling centers and outreach programs. In the best-case scenario, these measures min-

imize health impacts and financial burdens; in the worst-case scenario, emergency departments become overwhelmed, leading 

to higher fatalities and substantial economic losses. 

While mortality data is a critical marker of extreme heat’s most severe outcomes, heat-related ED visits often provide a 

broader and more immediate measure of public health threats. By capturing a range of heat-induced illnesses, ED data allows 

for faster interventions and better-informed decision-making. 

2.1 Problem Statement 

In this project, we characterize the relationship between heatwaves and heat-related ED visits in NYC, using the definition 

employed by the National Weather Service’s New York office: at least three consecutive days with maximum temperatures 

of 90°F or higher [25]. Despite increased awareness and mitigation efforts, heat-related ED visits continue to rise, suggesting 

gaps in current adaptation strategies. We aim to quantify how extreme heat affects emergency healthcare services in the context 

of climate change and to propose risk mitigation strategies to stabilize or reduce ED visit volumes. These strategies will target: 

• Local government agencies, to support policy-driven cooling and emergency response measures. 

• Hospital networks, to optimize patient care and capacity during extreme heat events. 

• Vulnerable communities—especially older adults, individuals with chronic conditions, low-income residents, and out-

door workers—to reduce health risks through education and preparedness initiatives. 

Our objectives are to (1) enhance climate resilience strategies, (2) reduce hospital strain and public health burdens, and (3) 

mitigate the economic costs of extreme heat. By focusing on ED data and identifying evidence-based interventions—ranging 

from behavior changes and infrastructure modifications to potential insurance solutions—this study aims to inform effective 

policy measures that safeguard public health and reduce the financial burden of intensifying heatwaves in New York City. 

3 Data Methodology 

3.1 Data Identification 

To analyze heatwave-related health risks in New York City, we used three primary data types: historical climate and air pollu-

tion records, ED visit data, and future climate projections. Each dataset was selected for its scientific credibility, completeness, 

and relevance to our research objectives. These datasets allowed us to: 

1. Analyze long-term temperature trends (1979–2024) to assess historical heatwave frequency and intensity. 

2. Model the relationship between heatwaves and heat-related ED visits (2017–2023, May–September): By integrating 

ED visit data with weather and environmental conditions, we quantify the impact of extreme heat on public health. 
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3. Project future climate scenarios through 2100: Using LOCA2 (Localized Constructed Analogs Version 2) [26] downscaled 

CMIP6 projections under three Shared Socioeconomic Pathways (SSPs), we estimate future heatwave occurrences and their 

potential health implications. 

• SSP 2-4.5 (moderate emissions): A gradual warming trend with a relatively slower increase in maximum temperatures. 

• SSP 3-7.0 (high emissions): A faster warming trajectory, particularly after 2050. 

• SSP 5-8.5 (very high emissions): The most extreme warming scenario, with maximum temperatures exceeding 92°F by 2100. 

Note: CMIP6 projections provide climate projection data from 2015 to 2100. These projections are based on historical cli-

mate simulations that span from 1850 to 2014. 

3.1.1 Data Sources & Variables 

Table 1 outlines the datasets used and variables collected. These align with actuarial risk assessment by addressing three 

critical components: (1) Defining the severity of outcomes through ED visit counts, (2) determining the likelihood of extreme 

heat events using NOAA historical weather data, and (3) modeling future risk scenarios through LOCA2 projections. 

Table 1: Data sources, variables, and category 

Data Variables and Data time range Category 

Heat-Related ED 

Visits (NYC En-

vironment & 

Health Portal) 

Daily ED Visit Count (2017–2023, May–Sept): Used as the 

primary health outcome variable to assess associations with 

meteorological and heat stress indicators. 

Defines severity or range of loss of poten-

tial outcomes, as it quantifies the number 

of individuals affected by extreme heat 

events. 

NOAA Daily 

Weather Data 

Daily Maximum Temperature (1979–2024): Analyzed to 

assess long-term temperature trends and the frequency of 

heatwaves. 

Daily Precipitation (2017–2023, May–Sept): Examined to 

evaluate its association with heat-related ED visits. 

Defines frequency or likelihood of poten-

tial outcomes, as it captures long-term 

heatwave trends and examines short-term 

weather conditions influencing heat-re-

lated illnesses. 

NOAA Hourly 

Weather Data  

Hourly data (2017–2023, May–Sept) for Temperature, Dew 

Point, and Wind Speed were aggregated to daily values to ex-

amine their relationship with heat-related ED visits. 

Hourly data for Temperature, Dew Point, and Sea-Level 

Pressure during the same period were also used to calculate 

derived heat stress metrics—Heat Index, Wet-Bulb Temper-

ature, and Relative Humidity (RH)—which were then ag-

gregated to daily values for the same purpose. 

Defines frequency or likelihood of poten-

tial outcomes, as it provides high-resolu-

tion atmospheric data for both direct 

weather analysis and computed heat stress 

metrics that contribute to heat-related 

health risks. 

NYC PM2.5 Air 

Quality Data 

Hourly PM2.5 Concentration (2019–2023, May–Sept; data 

unavailable for 2017–2018): Aggregated to daily values to 

assess its potential contribution to heat-related ED visits. 

Defines frequency or likelihood of poten-

tial outcomes, as air pollution can amplify 

heat stress and health risks. 

LOCA2 

downscaled 

CMIP6 Climate 

Projections 

Daily Maximum Temperature Projections (2015–2100) 

under SSP2-4.5, SSP3-7.0, and SSP5-8.5: Used to estimate 

future trends in extreme heat days and project long-term 

changes in heat-related health risks. 

Defines frequency or likelihood of poten-

tial outcomes by estimating future heat-

wave occurrences under different climate 

scenarios. Also defines severity or range 

of loss of potential outcomes by helping 

predict potential health impacts based on 

projected extreme heat trends. 

3.1.2 Justification for Selected Datasets 

• Heat-Related ED Visits (NYC Environment & Health Portal): Captures ED visits for heat-related illnesses across NYC 

hospitals, directly quantifying health impacts of extreme heat. 
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o Gaps: Only available from 2017–2023, limiting long-term historical comparisons; No demographic data (e.g., 

race, age), limiting assessment of disparities in heat-related health impacts. 

• NOAA Daily Weather Data: Provides long-term climate records. Daily maximum temperature (1979–2024) is used to 

analyze historical heatwave trends; precipitation (2017–2023) is included in ED visit analysis. 

• NOAA Hourly Weather Data: Offers high-resolution observations (temperature, dew point, wind speed, 2017–2023, May–

September), used to compute heat stress metrics (e.g., Heat Index, Wet-Bulb Temp, Relative Humidity). 

o Gaps: Some days have missing or extra hourly records, addressed during data cleaning. 

• PM2.5 Air Quality Data: PM2.5 is linked to respiratory illnesses and may compound heat-related health risks. 

o Gaps: No data for 2017–2018; analysis limited to 2019–2023 for PM2.5 inclusion. 

• LOCA2 downscaled CMIP6 Climate Projections: This dataset provides high-resolution future temperature projections, 

allowing risk estimation under different greenhouse gas scenarios (SSP2-4.5, SSP3-7.0, SSP5-8.5). 

o Gaps: Model uncertainties exist, but bias is mitigated through a comprehensive analysis using many different 

climate models 

3.1.3 Recognizing Data Limitations & Unavailable Data 

While we strive for comprehensive coverage, some data gaps exist: 

1. ED Visits data cover the years of 2017–2023, offering a solid base for recent analysis but limits long-term comparisons. 

It also lacks demographic details and may underreport cases due to variations in hospital reporting practices and di-

agnostic coding. 

o Mitigation: Future work could incorporate other health indicators like hospital admissions or mortality records. 

2. PM2.5 data is limited to 2019–2023, which does not fully align with the 2017–2023 ED visit timeframe. Additionally, 

seasonal variations (e.g., wildfires) may influence air pollution levels, making it difficult to isolate the direct effects 

of heatwaves from pollution-related spikes. 

o Mitigation: Future studies could incorporate satellite-derived air pollution estimates for broader spatial and tem-

poral coverage. 

3. Future projections depend on climate models, which have inherent uncertainty due to variations in model physics, 

emissions pathways, and downscaling techniques [27]. Additionally, large-scale climate models may not fully capture 

urban heat island (UHI) effects, which significantly amplify localized heat risks in densely built environments like 

NYC. As a result, projections may underestimate extreme heat events in urban areas [28]. Furthermore, uncertainty 

increases over time, with confidence intervals widening in later decades (e.g., 2080–2100) compared to nearer-term 

projections (e.g., 2030–2050), making long-term planning more challenging [29]. 

o  Mitigation: Use a multi-model approach (21 CMIP6 models) to reduce individual model biases and improve 

robustness. Future refinements could incorporate high-resolution urban climate models to better represent UHI 

effects and enhance local-scale heat risk assessments. 

3.2 Data Reliability & Quality Control 

Ensuring data reliability is key to accurately modeling the relationship between heatwaves and health outcomes. This 

section reviews source credibility, cleaning procedures, and adjustments to improve consistency. 

3.2.1 Credibility of Data Sources 

We selected well-established, authoritative datasets to ensure the reliability of our analysis: 

• Emergency Department (ED) Visit Data (NYC Environment & Health Portal)   



Team # 20024                                                                                            Page 8 of 40 

 

o Source: NYC Department of Health and Mental Hygiene (DOHMH), Environment & Health Data Portal – Real-

time heat-related illness surveillance [30]. DOHMH is the official city public health authority responsible for mon-

itoring and reporting health-related data. 

• NOAA Daily Weather Data  

o Source: NOAA National Centers for Environmental Information (NCEI) – Global Surface Summary of the Day 

[31]. Data was collected from LaGuardia Airport station in NYC. NOAA is the official U.S. climate monitoring 

agency, ensuring accurate, standardized meteorological data. 

• NOAA Hourly Weather Data 

o Source: NOAA NCEI – Integrated Surface Dataset Global Hourly [32]. This data was collected from LaGuardia 

Airport station in NYC. NOAA is the official U.S. climate monitoring agency, ensuring accurate, standardized 

meteorological data. 

• PM2.5 Air Quality Data (NYC Environment & Health Portal) 

o Source: NYC Department of Health and Mental Hygiene (DOHMH), Environment & Health Data Portal – Real-

Time Air Quality: PM2.5 in NYC [33]. DOHMH is the official city public health authority responsible for moni-

toring and reporting health-related data. 

• LOCA2 downscaled CMIP6 Climate Projections (Future Temperature Data) 

o Source: LOCA2 [26], or Localized Constructed Analogs Version 2, is a climate dataset developed by the Scripps 

Institution of Oceanography. It utilizes Coupled Model Intercomparison Project Phase 6 (CMIP6) [34] climate 

models to provide high-resolution localized climate projections by statistically downscaling global climate model 

outputs. CMIP6 is a collaborative international effort among climate modeling groups to systematically compare 

and evaluate climate models. Our analysis includes 21 CMIP6 climate models, all of which provide projections 

for SSP 2-4.5, SSP 3-7.0, and SSP 5-8.5, ensuring consistency across emissions scenarios (Table A1 in the Ap-

pendix). The Scripps Institution of Oceanography and CMIP6 are globally recognized for climate modeling, with 

data extensively used in Intergovernmental Panel on Climate Change (IPCC) reports and peer-reviewed research. 

3.2.2 Data Cleaning & Preprocessing 

To maintain data integrity, we implemented standardized cleaning methods across all datasets: 

(1) Emergency Department Visits 

• Issue: Missing data for September 29–30, 2023. 

o Solution: Checked NOAA weather records and found maximum temperatures remained cool (≤ 66°F), sug-

gesting heat-related illnesses were unlikely. 

o Adjustment: Imputed missing ED visit values as zero, aligning with temperature trends. 

(2) NOAA Hourly Weather Data 

• Issue: Six days had only 23 hourly records instead of 24. 

o Solution: Interpolated missing hourly values using the average of the nearest two hours. 

• Additional Issue: Some days had more than 24 records. 

o Solution: Removed redundant values to maintain consistent hourly intervals. 

• Time Zone Adjustment: NOAA data is in UTC, but NYC operates in Eastern Time. 

o Solution: Converted timestamps to Eastern Time (ET) for consistency with ED visit data. 

(3) PM2.5 Air Quality Data 

• Issue: Data missing for May 1–6, 2019, and unavailable for 2017–2018. 
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o Solution: Flagged missing dates as null values to avoid introducing bias. 

• Time Zone Adjustment: PM2.5 data is in UTC, but NYC operates in Eastern Time. 

o Solution: Converted timestamps to Eastern Time (ET) for consistency with ED visit data. 

• Aggregation: Converted hourly PM2.5 data to daily max, min, and mean values for consistency with ED visit data. 

(4) LOCA2 downscaled CMIP6 Daily Temperature Projection Data 

• The LOCA2 downscaled CMIP6 Daily Temperature Projection Data was processed by selecting 21 models covering 

all three SSP scenarios. Daily maximum temperature (tasmax) data in netCDF format was downloaded and extracted 

for the Northeast U.S., including New York City, from 2015 to 2100. The data was cleaned and transformed by con-

verting netCDF files into a structured CSV format, with grid points corresponding to New York City (latitude 40.7766, 

longitude 360 - 73.8742 = 286.1258 in CMIP6 format).  

• Issue: Climate models have variability across different models. 

o Solution: Applied multi-model averaging to reduce biases, using the mean for a balanced projection, the 25th 

percentile for a conservative estimate, and the 75th percentile for a high-risk scenario. 

• Unit Adjustment: Temperature values were recorded in Kelvin (K). 

o Solution: Converted to Celsius (°C) for consistency with other datasets. 

3.3 Data Processing & Derived Metrics 
To extract meaningful insights from the dataset, we computed several derived climate metrics from NOAA hourly weather 

data. Derived metrics fall into two categories: (1) Heat Stress Metrics: Quantifies how hot it feels beyond actual temperature 

and (2) Exposure Duration Metrics: Measures the duration and intensity of extreme heat. 

Table 2 lists several heat stress metrics that were converted from raw weather data. The exact conversion details can be 

found in Section A2 in Appendix. Table 3 shows metrics calculated to measure how long extreme heat events persist and 

their cumulative intensity. Table 4 describes data aggregation and integration steps to ensure data alignment across sources. 

Table 2: Heat stress metrics 

Metric Description Purpose in Analysis               Source 

Relative Humidity (RH) Air moisture content 
Identifies high-humidity condi-

tions that elevate heat risk. 
NOAA Hourly Weather Data 

Heat Index (HI) 
"Feels-like" temperature 

based on humidity 
Measures perceived heat stress. NOAA Hourly Weather Data 

Wet-Bulb Temperature 

(WBGT) 

Temperature incorporating 

evaporative cooling 

Assesses physiological stress and 

potential for heat-related illness. 
NOAA Hourly Weather Data 

Table 3: Exposure duration metrics 

Metric* Description Purpose in Analysis Source 

Hours Above 30°C, 

35°C, 40°C 

Number of hours per day exceeding these 

temperature thresholds. 

Captures prolonged exposure to 

high temperatures. 

NOAA Hourly 

Weather Data 

Cumulative Exposure 

Index (CEI) 

Sum of hourly temperature exceedance above 

defined thresholds (e.g., 35°C). 

Measures the cumulative heat 

load per day. 

NOAA Hourly 

Weather Data 

Daily Temperature 

Range 

Difference between daily max and min tem-

perature. 

Identifies extreme temperature 

fluctuations. 

NOAA Daily 

Weather Data 

* Hours Above Threshold (30°C, 35°C, 40°C): For each day d, count the number of hours where Thour > Threshold  where Threshold = 

30°C, 35°C, or 40°C;  Cumulative Exposure Index (CE) is daily sum of temperature exceedance (in °C) above threshold (e.g., 35°C), cal-

culated hourly; For each day d, CE =  ∑(Thour − Threshold)  for all Thour > Threshold where Threshold = 30°C, 35°C, or 40°C. 
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Table 4: Data aggregation & integration 

Action Description 

Hourly-to-Daily Aggrega-

tion 

Aggregated NOAA hourly data (temperature, dew point, wind speed) into daily max, min, and 

mean values to match the time resolution of ED visit records. Derived variables (e.g., Heat In-

dex, Wet-Bulb Temperature, Relative Humidity) were also aggregated accordingly. 

Merging Data by Date 

Integrated daily NOAA weather metrics, PM2.5 concentrations, and heat-related ED visits into a 

single structured dataset (date range: 2017–2023, May–Sept), ensuring temporal alignment for 

modeling. (Note: missing data in PM2.5 are marked as null) 

Standardizing Units & 

Time Formats 

Converted all variables to consistent units (e.g., temperature in °C, timestamps to Eastern Time) 

for uniform analysis across datasets. 

Data Completeness Check Verified no missing entries in final dataset 

Cross-Validation with His-

torical Heat Events 
Checked data consistency by comparing recorded heatwave events against ED visit surges. 

3.4 Data Merge & Final Dataset 

We merged and aligned data only for the heatwave–ED visit relationship analysis. The other two analyses (long-term  

temperature trend analysis and future climate projections) did not require data integration, as they relied on independent data 

-sets. Therefore, we have three final datasets and a set of key heatwave metrics as described below:  

1. Dataset One: Historical daily maximum temperature (1979–2024) 

Variable Description 

Date (YYYY-MM-DD) Standardized date format 

Temperature (°C) Daily maximum temperature 

2. Dataset Two: Integrated daily ED visit, weather & environment data 

Variable Description 

Date (YYYY-MM-DD) Standardized date format 

Heat-Related ED Visits Total ED visits per day for heat-related illnesses 

Temperature (°C) Daily max/min/mean temperature 

Heat Index (°C) "Feels-like" temperature based on humidity (daily max/min/mean) 

DewPoint (°C) 
Temperature at which air becomes saturated with moisture, leading to conden-

sation; an indicator of atmospheric humidity (daily max/min/mean) 

Wet-Bulb Temp (°C) Temperature incorporating evaporative cooling (daily max/min/mean) 

Relative Humidity (%) Daily max/min/mean RH 

Hours_Above_{30,35,40}C,  Number of hours exceeding 30°C, 35°C, and 40°C 

Cumulative Exposure Indices 

(CE_30, CE_35, CE_40) 
Sum of hourly degrees exceeding 30°C, 35°C, and 40°C 

Daily Temperature Range Difference between daily max and min temperature 

Wind Speed (m/s) Daily max/min/mean wind speed 

Precipitation (mm) Total daily precipitation 

PM2.5 Concentration (µg/m³) Daily max/min/mean air pollution level (2017-2018 missing) 

3.  Dataset Three: Future maximum temperature projection data (2015-2100) 

Variable Description 

Date (YYYY-MM-DD) Standardized date format 

Climate Model Name  CMIP6 model short name 

SSP Shared Socioeconomic Pathway 

Temperature (°C) Daily maximum temperature 
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Derived key heatwave metrics (historical: 1979~2024; projection: 2015~2100) 

To evaluate long-term extreme heat trends, we derived several key Heatwave metrics from historical data (Dataset One) 

and future projection data (Dataset Three) as listed in Table 5 below.  
Table 5: Derived heatwave metrics (historical: 1979~2024; projection: 2015~2100) 

Metric Description Unit 

Monthly average maximum tem-

perature for May–September 

Average of daily maximum temperatures for each month during May–Sep-

tember 
°C 

Summer average maximum tem-

perature for May–September 

Average of daily maximum temperatures for summer months (May–Sep-

tember) 
°C 

Number of high-temperature 

days per year 

Count of days where the daily maximum temperature exceeded 82°F 

(27.8°C), 90°F (32.2°C), or 95°F (35.0°C) 
Days/yr 

Total number of extreme heat 

event days per year 

Total number of days that fall within heatwaves (at least three consecutive 

days with TMAX ≥ 90°F (32.2°C) 
Days/yr 

Number of extreme heat events 

per year 
Count of distinct heatwave occurrences per year, regardless of duration Events/yr 

Average length of extreme heat 

events per year 

Mean duration of extreme heat events, calculated as the total number of ex-

treme heat event days divided by the number of extreme heat events in a 

given year. 

Days/event 

3.5 Temperature Unit for Visualization and Results 
All temperature data in this study were recorded, processed, and analyzed in Celsius (°C) for consistency with climate datasets. 

However, to improve accessibility and interpretability for local stakeholders, all visualizations, tables, and reported threshold 

values are presented in Fahrenheit (°F). Temperature conversions follow the standard formula °𝐹 = (°𝐶 × 9/5) + 32. 

4 Mathematics Methodology 

4.1 Assumptions and Justifications 

Assumption: The relationship between heatwave and heat-related ED visits remains stable over time, with no meaningful 

physiological, behavioral, or infrastructural adaptation occurring at the population level between the baseline period (2017–

2023) and the future projection period (2075–2100). 

Justification: Although limited adaptation may occur—such as increased use of air conditioning, hydration awareness, or 

physiological acclimatization—these responses are unevenly distributed and insufficient to mitigate health risks for vulnerable 

populations. Urban Overheating (2022) [7] highlights that vulnerable groups have reduced thermoregulatory capacity and lower 

ability to autonomously adapt. As a result, we apply the present-day relative risk (RR) estimates from our DLNM model to 

future heatwave projections, assuming no significant change in adaptive capacity or healthcare access. This provides a con-

servative but scientifically supported baseline for estimating future heat-related health burdens. 

Assumption: The size, demographic composition, and spatial distribution of NYC’s population remain stable. 

Justification: New York City is a mature, highly developed urban area with long-standing neighborhood demographics and 

stable population trends. This assumption is necessary for making future projections. 

Assumption: Heatwaves precede the observed increase in ED visits. 

Justifications: Reverse causality is implausible. Our model accounts for lagged effects as implied by our exploratory data 

analysis. This reflects real-world phenomena where physiological or behavioral impacts of heat may manifest after exposure. 

Assumption:  The relationship between heatwaves and ED visits remains stable over time. 
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Justification: This assumption is necessary for future risk estimation, even though long-term changes such as improved 

healthcare infrastructure or increased public awareness may alter the observed relationship. These factors will guide our pro-

posed risk mitigation policies. 

Assumption: The inflation rate is 3% for future years.  

Justification: It is common practice in health cost estimation to consider inflation. As of January 2025, the U.S. Consumer 

Price Index (CPI) indicates an annual inflation rate of 3.0% [35] and the long-term average inflation rate (1931-2020) is reported 

to be 3.1% [36]. We assume a 3% inflation rate for estimating future medical cost associated with heat-related ED visits.  

4.2 Distributed Lag Non-Linear Model 

The Distributed Lag Non-Linear Model (DLNM) was originally developed in time series analysis to address exposure 

events with effects extending beyond the exposure period [37]. This modeling approach integrates two functions to flexibly 

account for both linear and nonlinear exposure-response relationships and their associated lag structures. DLNM can capture 

delayed effects of environmental variables. For example, if a heatwave occurred on a Monday, a peak in ED visits might be 

observed on Tuesday or Wednesday, rather than immediately on Monday. Additionally, it accounts for the nonlinear nature of 

many health effects. At low temperatures, the impact on ED visits is minimal. At moderate temperatures, ED visits might 

increase, while at extremely high temperatures, ED visits might increase sharply. A linear model would assume a constant rate 

of increase, which would be incorrect. Therefore, DLNM model fully captures the complex relationship between temperature 

and ED visit, providing a more accurate representation than linear models. 

Linear Exposure-Response Relationship 

The linear model can be expressed as: 

𝑅𝑡 = ∑ 𝑤(ℓ)𝑥𝑡−ℓ + 𝜀𝑡 

𝐿

ℓ=ℓ0

, 

where 𝑅𝑡 is the risk at time 𝑡, 𝑥𝑡−ℓ  represents the exposure at lag ℓ,  𝑤(ℓ) is the lag-response function, assigning weights to 

past exposures, 𝐿 is the maximum lag and  𝜀𝑡 is an error term.  

Alternatively, the risk at time 𝑡 can be expressed in integral form:  

𝑅𝑡 = ∫ 𝑤(𝑡 − 𝑢)𝑥𝑢𝑑𝑢
𝑡1

𝑡0

= ∫ 𝑤(ℓ)𝑥𝑡−ℓ𝑑ℓ
𝐿

ℓ0

≈  ∑ 𝑤(ℓ)𝑥𝑡−ℓ

𝐿

ℓ=ℓ0

 , 

where 𝑥𝑢 is the instantaneous exposure intensity, [𝑡0, 𝑡1] represents the relevant exposure period and 𝑤(𝑡 − 𝑢) is the weight 

assigned to past exposures. Professor Duncan C. Thomas [38] proposed statistical methods for estimating these weights from 

data. 

Nonlinear Extension 

To accommodate nonlinear exposure-response relationships, an additional function f(x) is introduced: 

𝑅𝑡 = ∫ 𝑤(𝑡 − 𝑢)𝑓(𝑥𝑢)𝑑𝑢 = ∫ 𝑤(ℓ)𝑓(𝑥𝑡−ℓ)𝑑ℓ ≈  ∑ 𝑤(ℓ)𝑓(𝑥𝑡−ℓ)

𝐿

ℓ=ℓ0

𝐿

ℓ0

𝑡1

𝑡0

 , 

where 𝑓(𝑥) models the nonlinear exposure-response curve and  𝑤(𝑡 − 𝑢) retains the role of the lag-response function.  

A key assumption here is the independence of 𝑓(𝑥) and 𝑤(ℓ), meaning that the exposure-response function remains con-

sistent across all lags. A more flexible representation introduces a bidimensional function: 
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𝑅𝑡 = 𝑠(𝑥, ℓ) = ∫ 𝑓 ∙ 𝑤(𝑥𝑡−ℓ , ℓ)𝑑ℓ ≈  ∑ 𝑓 ∙ 𝑤(𝑥𝑡−ℓ , ℓ)

𝐿

ℓ=ℓ0

.
𝐿

ℓ0

  

𝑠(𝑥, ℓ) is the exposure-lag-response function and it models both the exposure-response curve along 𝑥 and the lag-response 

along ℓ simultaneously, namely an exposure-lag-response surface. Professor Ben Armstrong [39] proposed the concept of cross-

basis to model 𝑠(𝑥, ℓ), where 𝑓(𝑥) and 𝑤(ℓ) represented two independent sets of basis functions. The cross-basis is from com-

bining the two sets integrated over the lag dimension. R package dlnm [40] will be used for fitting such model. More specifically, 

natural splines will be used for cross-basis as it has been shown that the relative risk estimates in time-series models are gen-

erally robust against the type of spline used [41,42]. In addition, knots are placed at the 25th, 50th and 75th percentiles, meaning 

that the model will estimate different effects for low, moderate and high, rather than assuming a simple linear relationship. 

For modeling the risk of heat-related ED visits, which are count data, we fit a Generalized Linear Model (GLM) assuming 

the count data has a quasi-Poisson distribution. In the real-world, count data often exhibits overdispersion, meaning that vari-

ance is greater than the mean: 𝑉𝑎𝑟(𝑌) > 𝔼[𝑌]. The quasi-Poisson model accounts for this property, providing more accurate 

standard error estimates. In addition, since we have seven summers of data, we further use natural splines with seven 

degrees of freedom to capture long-term trends and yearly cycles.  

Ultimately, this is the model fitted:  

𝑙𝑜𝑔𝐸(𝑌𝑡) = ∑ 𝑠(𝑥, ℓ) ∙ 𝛽ℓ

ℓ

+ ∑k=1
7 𝑛𝑠𝑘(𝑡) ∙ 𝛾𝑘 

where  𝑌𝑡 is the number of heat-related ED visits, x is a temperature measure, ℓ is the time lag, and 𝑛𝑠(𝑡) is the natural spline 

basis function.  

4.3 Model Selection  

To evaluate which variable shows the best prediction of heat-related ED visits, we examined the corresponding model’s 

goodness-of-fit such as AIC (Akaike Information Criterion) and deviance. Deviance quantifies how well the model fits the data 

through comparing the log-likelihood of the fitted model to a saturated model (one that fits the data perfectly). The lower the 

value, the better the model fit. Specifically, with quasi-Poisson models, the deviance is a generalized measure that accounts for 

the log-link function and count data properties. Because quasi-Poisson models do not have a well-defined likelihood and hence 

AIC cannot be calculated, we used deviance to find the best model fitting from all collected variables related to temperature 

and possible lag ranging from 0 to 10.  

To compare a simpler (nested) model 𝑀0 and a more complex model 𝑀1, the difference in deviance is calculated:   

∆𝐷 = 𝐷𝑠𝑖𝑚𝑝𝑙𝑒𝑟 −  𝐷𝑐𝑜𝑚𝑝𝑙𝑒𝑥  

If 𝑀1 fits significantly better than 𝑀0, then ∆𝐷 follows a chi-square distribution with degrees of freedom: 

𝑑𝑓 = 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑖𝑛 𝑀1 − 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑖𝑛 𝑀0 

To test null hypothesis (𝐻0): the simpler model is (𝑀0) is sufficient with alternative hypothesis (𝐻𝐴): the more complex 

model (𝑀1) is significantly better than 𝑀0, p-value is computed through the chi-square distribution: if p < 0.05, then 𝐻0 is 

rejected and the complex model is significantly better; otherwise, we fail to reject 𝐻0 and the simpler model is sufficient. 

𝑝_𝑣𝑎𝑙𝑢𝑒 = 𝑃(𝜒𝑑𝑓
2 > ∆𝐷) 



Team # 20024                                                                                            Page 14 of 40 

 

4.4 Relative Risk Estimation 

We computed an overall heatwave relative risk (RR) for the period 2017-2023, by averaging the probability of heat-related 

ED visits for heatwave days and then dividing it by the average for non-heatwave days using our fitted DLNM model: 

𝑅𝑅 =

1
𝑛1

∑ 𝐸̂𝑡 (𝑌𝑡) ∙ Ι(ℎ𝑤𝑡 = 1)

1
𝑛0

∑ 𝐸̂𝑡 (𝑌𝑡) ∙ Ι(ℎ𝑤𝑡 = 0)
 , 

where ℎ𝑤𝑡  is an indicator time series equal to 1 for a heatwave and 0 otherwise, 𝑛1 is the number of heatwave days, 𝑛0 is the 

number of non-heatwave days and Ι(∙ ) is an indicator function. We calculated variances and asymptotic 95% confidence in-

tervals for the relative risk estimate by applying the delta method [43]. 

4.5 Future Projection of ED Visits based on Heatwaves 

We derived estimates of future heatwaves in 2075-2100 (50 years from now till 2100) using temperature projections from 

21 different climate model simulations (Table A1, Appendix) with three SSPs. The overall modeling process is illustrated in 

Figure 2 below. By analyzing daily maximum temperatures from each model, we quantified the number of heatwaves per year 

and their durations (in days) under a changing climate. To assess expected heatwave characteristics, we first averaged these 

values over each study period (present-day: 2017-2023 and future: 2075-2100). Multiplying the average number of heatwaves 

per year by their duration provided an estimate of the total heatwave days for different climate change scenarios and models, 

which allowed us to compute statistical changes over time. 

 

Figure 2: Overall flowchart of our mathematical modeling process 

Instead of directly using the projected number and duration of future heatwaves, we calculated their relative change as the 

ratio of future to present-day values, both derived from climate model simulations. This ratio was then applied to observed 

present-day heatwave data to estimate future heatwave characteristics. This approach helps mitigate known biases in climate 

models, such as their challenges in accurately representing atmospheric blocking effects [44]. 
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The expected number of excess heat-related emergency department (ED) visits during a heatwave period is estimated 

using the following equation: 

𝐸𝐷ℎ𝑤 = 𝑁 × (𝑅𝑅 − 1) × 𝐿, 

where N is the expected daily number of ED visits on a non-heatwave day, calculated from the mean daily ED visits across 

all non-heatwave days in the 2017-2023 period, L is the length of the heatwave period in days and RR is the estimated heat-

wave relative risk using data from 2017-2023.  

4.6 Strengths and Weaknesses 

The strengths of our mathematical modeling process include: 

• DLNM captures both immediate and delayed effects of heat exposure on health outcomes. Unlike traditional linear 

regression models, it accounts for non-linear exposure-response relationships and lag effects. 

• Given the count nature of ED visits, the study employs a quasi-Poisson model instead of a standard Poisson regression. 

This accounts for overdispersion (when variance exceeds the mean), which is common in health data. 

• Our study uses LOCA2 downscaled CMIP6 climate projections to estimate future heatwave characteristics and their 

impact on ED visits. This provides policymakers with long-term insights into potential public health risks. 

We also recognize these weaknesses of our current modeling process: 

• While the study accounts for meteorological and environmental variables, it does not fully integrate socioeconomic 

disparities (e.g., access to healthcare, housing conditions). Vulnerable populations may experience higher heat-related 

ED visit rates than the model suggests.  

• Heat stress metrics such as wet-bulb temperature and heat index are included, but their interaction with humidity and 

air pollution is not fully explored. More sophisticated exposure indices could improve risk estimation. 

• Given the complexity of DLNM, there is a risk of overfitting, where the model captures random noise rather than true 

heat-health relationships. 

• The current model assumes static population size and distribution, which may not reflect future demographic shifts or 

migration patterns. 

• No adaptive feedback loops (e.g., policy changes, infrastructure upgrades) are currently modeled; risk sensitivity is 

assumed constant over time. Future model extensions could incorporate subpopulation-specific adaptation or dynamic 

adjustments to account for evolving resilience and exposure patterns. 

These limitations reflect necessary simplifications given the scope and available data, but also highlight promising direc-

tions for future modeling and public health research. 

5 Risk Analysis 

5.1 Exploratory Analysis of Heat-Related ED Visits  

Correlation Matrix of Climate Variables and ED Visits (May–September, 2017–2023) 
Figure 3 displays pairwise Pearson correlation coefficients between various weather and health-related variables. Strong 

positive correlations are observed between heat index, temperature, and emergency department (ED) visits for heat-related 

illnesses, indicating that higher temperatures were correlated with more ED visits. Hours above extreme heat thresholds (30°C, 

35°C, 40°C) also strongly correlated with ED visits, emphasizing the impact of prolonged heat exposure. Meanwhile, precipi-

tation (PRCP) and PM2.5 levels show weak or negligible correlations with ED visits. Notably, max temperature and max heat 

index have an exceptionally strong correlation (0.99) and should not be considered simultaneously in the same model. 
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Figure 3: Correlation matrix (Pearson) of weather variables and ED Visits (May–September, 2017–2023); Data used 

for PM2.5 were from 2019-2023 only 

Relationship Between Maximum Temperature and ED Visits (2017–2023) 

Figure 4 shows that heat-related ED visits increase significantly when maximum temperatures exceed 90°F, with the high-

est spikes occurring above 95°F. At lower temperatures (below ~85°F), ED visit counts remain minimal, but variability in-

creases at higher temperatures, indicating a nonlinear relationship between extreme heat and health outcomes. This pattern 

remained consistent across 2017–2023, highlighting the recurring relationship between high temperatures and heat-related 

health risks. 

 

Figure 4: Scatterplot of Maximum Temperature vs.  ED Visits (2017–2023) 
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Distribution of Heat-related ED Visits by Heatwave Days 

The boxplot in Figure 5 shows that the number of heat-related ED vis-

its is significantly higher on heatwave days compared to non-heatwave 

days. The median and interquartile range (IQR) are much larger for heat-

wave days, indicating both higher typical ED visit counts and greater vari-

ability. Additionally, extreme outliers are more frequent on heatwave 

days, with some days exceeding 100 ED visits, whereas non-heatwave 

days rarely surpass 20 visits. This suggests that heatwaves have a substan-

tial impact on public health, leading to a sharp rise in heat-related emer-

gencies. 

Daily Maximum Temperature and ED Visits with Lag Effect  

The dual-axis line chart in Figure 6 illustrates the relationship between 

daily maximum temperature (°F) and heat-related ED visits from May to 

September 2023. A non-linear increase in ED visits is evident as tempera-

tures rise, with sharp spikes occurring during extreme heat events. In some 

cases, a lag effect is observed, where ED visits peak after the highest tem-

peratures, suggesting that prolonged heat exposure may lead to delayed 

health impacts. This pattern underscores the importance of monitoring ex-

tended heatwaves, not just single-day extremes, to better predict and miti-

gate heat-related health risks. Similar plots for 2017–2022 are provided in 

Appendix A3 along with other descriptive analysis results.  

5.2 Risk Estimation  

We fitted a DLNM model for 

each of 24 climate metrics we col-

lected and considered. PM2.5 was 

not considered in this step as our 

exploratory analysis suggests that 

PM2.5 and heat-related ED visits 

had a weak correlation and there 

were 2 years’ missing data (2017-

2018). Figure 7 shows that the 

model using daily maximum tem-

perature consistently had the small-

est deviance among the 24 metrics. 

Specifically, the smallest deviance 

of the model appears at lag=6, 

which is 1831.09. Figure 8 visually 

displayed the overall goodness-of-fit. Furthermore, Chi-square test confirms that the model with a lag value of 6 is signifi-

cantly better than using lag value of 5 (p-value= 0.013). 

 

 
Figure 5: Distribution of Heat-related ED 

Visits by Heatwave Days 

 

Figure 6: Daily maximum temperature and ED visits in May–Sept, 2023 
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(a) 

  
 

(b) 

 

Figure 7: Deviance of DLNM model using different climate change measures and different lag values (a) and such de-

viance comparisons among the top four predictors only (b). 
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Figure 8: Observed vs predicted heat-related ED visits based on a DLNM model with lag of 6 and using daily maxi-

mum temperature as the predictor. 

Among the 1076 days during May-September, from 2017 to 2023, a total of 68 days (6.3%) met the criteria for a heatwave. 

The number of heat-related ED visits among heat-wave days and non-heat-wave days were 24.9±18.26 (mean±sd) and 2.9±4.54, 

respectively. The relative risk of heat-related ED visits during 

heat-wave days is estimated to be as 7.93 with 95% CI (7.71, 8.16) 

based on the estimations from DLNM model using daily maxi-

mum temperature with lag 6. This suggests that individuals are 

nearly eight times more likely to seek emergency care for heat-

related illness during heatwaves days compared to non-heatwave 

days. Further examination of heat-related ED visits among these 

68 historical heatwave days suggested that there were statistically 

significant positive correlations between all temperature-related 

metrics and heat-related ED visits (all p-values<0.0001). There 

was no clear indication that more heat-related ED visits happened 

toward the end of a heatwave (Figure 9), but this may due to the 

low number of heatwave days existed in 2017-2023.  

5.3 Long-Term Climate Trends 

Increase in Extreme Heat Days (1979–2024) 
Annual average temperatures in NYC have been steadily rising over the past few decades, accompanied by a growing 

number of extremely hot summer days (above 90°F). Figure 10 illustrates the number of days per year in which the maximum  

temperature exceeded 90°F from 1979 to 2024, revealing a clear upward trend in extreme heat days over time. 

 

Figure 9: Number of heat-related ED visits across 

the cumulative days in a heatwave in 2017-2023 
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Figure 10: Yearly Counts and Long-Term Trends in Days Above 90°F in NYC (1979–2024) 

Long-Term Monthly Temperature Trends (1979–2024) 

Figure 11 shows the long-term trend of average daily maximum temperatures for each summer month (May–September) 

in NYC from 1979 to 2024. The black lines indicate a warming trend, with temperatures increasing steadily over time, while 

the shaded regions represent the 95% confidence intervals. The consistent upward trend across all months suggests warmer 

summers in NYC, which may lead to more extreme heat events and associated health risks. 

 

Figure 11: Long-Term Trends in Monthly Average Maximum Temperature in NYC, 1979–2024 

Projected & Historical Summer (May–September) Average Maximum Temperature (1979-2100) 

 
Figure 12: Projected (2015 – 2100) and historical (1979 – 2024) summer (May – September) average maximum tem-

perature in NYC under different emission scenarios (SSP 2-4.5, SSP 3-7.0 and SSP 5-8.5). 
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According to projections, average summer (May–September) maximum temperatures in NYC are expected to continue 

rising, with different warming rates depending on greenhouse gas emissions (Figure 12). These trends highlight the increasing 

likelihood of extreme heat events such as heatwaves, reinforcing the need for climate adaptation and mitigation efforts in urban 

settings like NYC. Section A4 in Appendix listed more evidences for increasing pattern in daily temperature.  

Projected and Historical Trends of Heatwaves (1979–2100) 

Figure 13(a) shows that the total number of heatwave days has increased over time and is projected to rise sharply, with 

the number reaching over 80 heatwave days per year by 2100 under SSP 5-8.5. Figure 13(b) highlights a growing number of 

annual heatwave events, indicating that heatwaves will occur more frequently under all three different SSPs. Figure 13(c) shows 

that annual average heatwave length is expected to increase, with extreme scenarios projecting heatwaves lasting more than 12 

days by 2100 under SSP 5-8.5. These trends suggest that future heatwaves will be more intense, frequent, and prolonged, 

underscoring the need for climate adaptation and mitigation strategies to reduce extreme heat risks. 

(a) Total number of heatwave days 

 

(b) Frequency of heatwaves 

 

(c) Average heatwave length 
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Figure 13: Characteristics of heatwaves in historical time (1979–2024) and future time (2025-2100) under different 

emission scenarios (SSP 2-4.5, SSP 3-7.0 and SSP 5-8.5) including annual total number of heatwave days (a), annual 

frequency of heatwaves (b) and annual average heatwave length (c). 

5.4 Risk Prediction 

We selected 21 CMIP6 climate models that provided simulations for all three Shared Socioeconomic Pathways (SSPs) 

(Table A1, Appendix). Using output from these models, we estimated the annual frequency and average duration of heatwaves 

for both the present-day period (2017–2023) and the future period (2075–2100). By comparing these two timeframes, we 

quantified projected changes in heatwave frequency and duration as predicted by the climate models. These projected changes 

were then used to estimate the number of heat-related emergency department (ED) visits in the future period. 

Across all three SSPs, climate models project an annual frequency of future heatwaves (2075–2100) ranging from 2.65 to 

9.00 heatwaves per year (Table 6). The average duration of these future heatwaves varied, with estimates ranging from 4.61 

days in the FGOALS-g3 model under the SSP 2-4.5 scenario to 14.76 days in the KACE-1-0-G model under the SSP 5-8.5 

scenario (Table 6). The projected total number of excess heat-related ED visits for the future period (2075–2100) ranged from 

6,017 to 43,152 (Figure 14 with specific numbers in Table A5, Appendix). 

Table 6: Annual number of heatwaves with average length (in days) predicted by each climate model and SSP sce-

nario combination in the present-day period 2017-2023 and the future period 2075-2100. 

  2017-2023 2075-2100 

Climate Model SSP 2-4.5 SSP 3-7.0 SSP 5-8.5 SSP 2-4.5 SSP 3-7.0 SSP 5-8.5 

ACCESS-CM2 2.86,4.05 4.14,5.17 3.00,4.86 7.54,6.36 8.12, 8.45 8.12,10.84 

ACCESS-ESM1-5 4.00,4.18 3.29,5.00 2.86,4.45 7.65,6.75 8.27, 7.77 7.77, 9.91 

AWI-CM-1-1-MR 2.57,5.00 2.57,4.61 2.86,5.05 6.46,5.89 8.50, 7.45 8.23, 9.56 

BCC-CSM2-MR 3.14,4.18 3.71,3.88 3.43,4.50 6.81,5.71 8.42, 7.03 8.69, 8.20 

CanESM5 4.86,5.06 5.00,4.57 4.14,4.55 6.77,7.61 7.19,11.47 6.65,13.08 

CNRM-CM6-1 3.43,3.54 2.71,4.68 2.57,5.50 7.77,5.74 8.31, 7.83 7.15,11.30 

CNRM-ESM2-1 4.00,4.86 3.57,4.04 2.71,4.79 6.08,6.30 7.65, 7.62 7.81, 8.79 

EC-Earth3-Veg 3.29,4.78 2.14,4.47 2.14,6.07 6.19,5.59 7.23, 7.01 7.65, 8.97 

EC-Earth3 2.14,3.93 2.86,4.00 2.43,4.71 5.77,5.46 6.23, 7.86 7.31, 9.38 

FGOALS-g3 2.29,3.94 2.29,3.88 2.71,3.74 4.58,4.61 6.15, 5.04 7.50, 5.52 

GFDL-ESM4 2.86,5.25 2.43,4.00 3.29,4.74 5.88,5.58 7.88, 5.81 7.88, 6.96 
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INM-CM4-8 2.43,4.76 1.14,4.12 2.43,4.59 2.65,5.16 3.81, 5.39 6.00, 6.38 

INM-CM5-0 1.86,4.85 1.71,6.08 1.57,4.55 5.35,5.56 5.69, 6.78 6.62, 7.13 

IPSL-CM6A-LR 4.00,4.21 3.29,4.39 2.57,4.39 8.15,6.39 8.12, 8.97 7.77,12.33 

KACE-1-0-G 4.57,5.09 4.00,5.82 5.43,4.66 8.00,6.47 8.38, 9.47 6.54,14.76 

MIROC6 2.57,3.94 2.86,4.25 2.57,4.22 5.77,4.78 8.88, 6.12 8.96, 6.36 

MPI-ESM1-2-HR 2.57,3.83 2.14,4.07 1.43,4.50 5.31,5.48 7.08, 6.61 7.27, 8.76 

MPI-ESM1-2-LR 3.86,3.74 2.14,4.33 3.29,4.30 5.58,5.38 8.00, 7.70 7.81, 8.08 

MRI-ESM2-0 2.57,4.00 3.14,4.09 2.86,4.60 6.42,4.78 7.81, 5.58 8.81, 6.62 

NorESM2-LM 1.86,4.54 3.29,4.57 4.71,4.82 6.58,6.02 7.96, 7.69 9.00, 8.75 

NorESM2-MM 3.14,5.09 2.71,3.95 3.57,4.48 6.69,6.13 7.92, 7.14 8.77, 8.14 

*In each cell first number is the annual number of heatwaves and the second number is the average length of heatwaves. 

 

                                    (a) SSP 2-4.5                                                                                               (b) SSP 3-7.0 

(c) SSP 5-8.5 

 

Figure 14: Predicted total # of excess heat-related ED visits during 2075-2100 along with corresponding 95% confi-

dence intervals reflecting statistical uncertainty in risk estimation for 21 climate models under three SSP scenarios: 

(a) SSP 2-4.5 (b) SSP 3-7.0 (c) SSP 5-8.5 
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5.5 Future Loss Analysis 

During 2018-2022 there were 2,549 heat-related ED visits and 677 heat-related hospitalizations [45]. The % of hospitaliza-

tion through ED visit is at most 677/2549=26.5%. A study analyzing data from 2008 to 2020 found that 7.1% of heat-related 

ED visits in the United States resulted in hospitalization [46]. Therefore, we will assume that the percentage of hospitalization 

through ED visit in NYC is between 7.1% - 26.5%.  

If treat-and-release emergency department visits and hospital admissions average $1,668 [47] and $15,875.3 (average cost 

in 2021 [48], respectively, then the minimum estimated medical cost for all heat-related ED visits in 2075-2100 will be ranging 

from $70.6 million (under SSP 2-4.5) to $205 million (under SSP 5-8.5). The maximum medical cost could be as high as $1.2 

billion (Table 7).  

Table 7 also shows the estimated cost with different assumptions. For example, if effective risk mitigation strategies suc-

cessfully reduce the daily maximum temperature by 0.5°C, then the maximum medical cost for all heat-related ED visits in 

2075-2100 would reduce by $137 million. Such a reduction could be as much as $286 million if the daily maximum temperature 

were lowered by 1°C. If combining human adaptation, increasing in public awareness and other effective risk mitigation strat-

egies could lower the relative risk of heatwaves on heat-related ED visits by 25-50%, the corresponding maximum medical 

cost will reduce by $384-$686 million.  

Table 7: Estimated medical cost associated with projected total number of heat-related ED visits in 2075-2100 based 

on different assumptions 

SSP sce-

nario 

Range of total medical cost  

Based on 21 cli-

mate models 

Assuming 0.5°C 

drop in temper-

ature due to 

greener land-

scape or other 

risk mitigation 

methods 

Assuming 1°C 

drop in tempera-

ture due to 

greener landscape 

or other risk miti-

gation methods 

Assuming 25% 

drop in the rel-

ative risk due 

to adaptation, 

the increase in 

public aware-

ness or other 

risk mitigation 

methods 

Assuming 50% 

drop in the rela-

tive risk due to 

adaptation, the in-

crease in public 

awareness or 

other risk mitiga-

tion methods 

SSP 2-4.5 $70,607,894.7 - 

$568,700,287 

$54,939,289 - 

$480,825,315.5 

$42,245,734.74 - 

$396,266,380.7 

 

$50,409,575 - 

$406,016,070.9 

$30,211,256.05 - 

$243,331,854.9  

SSP 3-7.0 $190,962,621.2 - 

$803,152,581.4  

$166,186,390.3 - 

$708,841,097.7 

 

$156,261,617.7 - 

$611,018,016.3 

$136,335,245.4 

- $573,400,195 

$81,707,869.51 - 

$343,647,808.7 

SSP 5-8.5 $205,141,260.1 - 

$1,199,238,517 

$176,718,073.5 - 

$1,062,286,203 

$140,262,247.1-

$913,015,426.7 

$145,457,897.6- 

$856,180,525.8 

 

$87,774,535 - 

$513,122,534.7 

*The cost of ED visits and hospitalization are assumed at $1,668 and $15,875.3, respectively. The % of heat-related hospitali-

zation from ED visits ranges from 7.1% to 26.5%. Future cost =estimated cost × (1+0.03)50. 

5.6 Risk Mitigation Strategy Analysis 

Since our DLNM model fitting process suggests that daily maximum temperature best predicts the risk of heat-related ED 

visits, we focus our risk mitigation strategies on either (1) lowering daily maximum temperature or (2) reducing population-

level vulnerability to extreme heat. Strategies include planting more trees to increase canopy cover, installing green or cool 

roofs that reflect more sunlight and absorb less heat, adding urban parks and water bodies, installing misting stations, and 

improving building design and ventilation. Costs for these strategies vary widely and depend on implementation scale, local 

conditions, and maintenance. Therefore, we focus our cost-benefit analysis on the most quantifiable options. 
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Increasing tree canopy 

A 1% increase in urban tree canopy has been linked to temperature reductions between 0.04°C and 0.57°C [49]. Assuming 

an average estimate of 0.3°C per 1% canopy gain, achieving a 1°C cooling effect would require a 3.3% increase in canopy. 

With approximately 300,000 acres of land and 35.9 trees per acre [50], NYC has ~10.77 million trees. A 3.3% increase would 

require planting an additional 358,641 trees. At $3,300 per tree (including excavation, planting, supervision, one year of mainte-

nance, and administration) [51], the total cost of this intervention is estimated at $1,183,515,300 (~$1.2 billion). Amortized over 

a 30-year tree lifespan [52], the annualized cost is about $40 million. However, as Table 7 shows that the maximum estimated 

medical cost will be about $913 million if the temperatures projected by 21 climate models under three SSP scenarios drop 

1°C, about 9 times less than the estimated cost of planting trees. Therefore, tree planting is not cost-effective for heat-related 

ED visit reduction alone.  

Cooling Centers & Heat Alert Systems 

Cooling centers and heat alert systems are evaluated separately due to distinct infrastructure and operating needs. Based 

on NYC reports and peer city comparisons, we estimate annual costs of $10–$30 million, covering staffing, extended hours, 

utilities, ADA upgrades, transit access, and public communications. 

As of 2022, NYC operated 540+ cooling centers in libraries, NYCHA buildings, and community sites. These centers, 

alongside multilingual heat alerts via SMS, 311, and media, are critical for protecting vulnerable populations during extreme 

heat events. Comparable systems in cities like Chicago and Phoenix fall within similar budget ranges and demonstrate high-

impact, life-saving potential [53]. Despite modest costs, these services are critical during peak heat events and provide life-

saving support for medically vulnerable and socially isolated populations. 

Behavioral & Community Interventions 

Behavioral and community-based interventions are scalable and directly target vulnerability. International programs have 

demonstrated efficacy; for example, a 38% drop in unscheduled hospital visits followed a community education campaign in 

Karachi, Pakistan [54]. Based on our modeling, reducing the relative risk of heat-related emergency department visits by 25–

50% through these interventions could avoid between $384 million and $686 million in medical costs over the period from 

2075 to 2100 (see Table 7). 

Scaling NYC’s “Be a Buddy” program from pilot to full implementation across 30–50 high-risk neighborhoods would 

likely require $15–$40 million annually, based on existing costs of $500,000–$1 million per neighborhood. This estimate aligns 

with vulnerability mapping from the NYC Heat Vulnerability Index and the CHAMP-EJ report, which identify dozens of 

communities across all five boroughs as disproportionately burdened by extreme heat due to factors such as low tree canopy, 

high poverty rates, aging infrastructure, and large elderly or chronically ill populations [5,55]. CDC’s BRACE framework rec-

ommends $1–2 million per city for public health communications, and other U.S. cities (e.g., Los Angeles, Chicago) have 

invested $20–$40 million annually in similar efforts. Therefore, our $20–$40 million estimate is realistic for a citywide, equity-

centered intervention. 

Policy and Insurance Approaches 

Policy and insurance approaches such as utility subsidies, and climate risk insurance—offer economic protection for vul-

nerable populations. Based on NYC’s HEAP cooling assistance (~$22M in FY2024 [56]), we estimate that $30 million per year 

could support expanded subsidies, and insurance pilots. These strategies are modest in cost but vital for reducing health and 

financial risks, especially when integrated with physical and behavioral interventions. 

Table 8 summarized the cost benefit analysis of all strategies above. It is clear that increasing tree canopy is less cost-

effective than having cooling centers and heat alert systems in modifying outcome.  
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Table 8: Cost-Benefit Analysis of Heat Mitigation Strategies in NYC 

Strategy Annualized Cost Estimate Potential Annual Benefits 

Tree Planting (for 1°C 

citywide cooling) 

$1.2 billion total / ~$40 mil-

lion per year (over 30 years) 
$286 million in medical cost savings (2075–2100)  

Cooling Centers & Heat Alert 

Systems 
$10–$30 million/year 

Moderate reductions in illness and mortality; critical protection 

during extreme heat events 

Behavioral & Community In-

terventions 
$20–$40 million/year 

$384–$686 million in medical costs (2075–2100); scalable, eq-

uity-focused 

Policy & Insurance Tools ~$30 million/year 
Risk transfer, utility affordability, economic protection for vulner-

able populations 

6 Recommendations  

Based on our projections of heat-related ED visits, we have found three major recommendations for governments, com-

munities and insurance companies to reduce the frequency of such visits, along with the associated medical costs. The recom-

mendations are based on insurance, behavior changes and modifying outcomes. More specifically, based on our cost-benefit 

analysis in Section 5.6, we suggest that insurance companies implement subsidized health insurance, an increase in efforts 

towards public awareness about the dangers of heatwaves and cooling centers and heat alert system to be available in the 

community. A multi-faceted approach combining insurance reforms, behavior change initiatives, and infrastructure improve-

ments will create a comprehensive heat mitigation strategy that benefits individuals, communities, and governments alike. 

6.1 Insurance 

We recommend that health insurance companies expand coverage for heat-related medical expenses by implementing 

subsidized health insurance policies, thereby reducing out-of-pocket costs for vulnerable residents. The financial burden of 

heat-related illnesses—including heat exhaustion, heatstroke, and the exacerbation of chronic conditions such as cardiovascular 

and respiratory diseases—can be significant. According to the Centers for Disease Control and Prevention (CDC), approxi-

mately 67,512 emergency department visits and 9,235 hospitalizations occur annually in the United States due to heat-related 

illnesses [57]. The financial impact of these conditions is substantial, with direct healthcare costs estimated to exceed $1 billion 

per year in the U.S. alone [58].  

In New York State, the Home Energy Assistance Program (HEAP) Cooling Assistance allocated $22 million in FY2024 

to support vulnerable residents during summer heat extremes [56]. We propose scaling such efforts through insurance-based and 

public-private partnerships. For example, insurance plans could offer coverage for cooling equipment, rebates for smart ther-

mostats, and discounts for households that participate in heat safety training. Governments could match this investment by 

subsidizing installation of energy-efficient air conditioning in high-risk households. 

While precise quantification is difficult, international examples (e.g., France's expanded coverage for heat-related compli-

cations after the 2003 heatwave) suggest such investments reduce emergency health burdens and long-term costs [59,60]. As 

shown in Section 5.6, a conservative $30 million per year investment in insurance and subsidy programs in NYC could protect 

low-income households and reduce system-wide medical expenses. 

This intervention could be implemented by agencies such as the New York State Department of Health, the NYC Human 

Resources Administration (HRA), and both public and private insurance providers. Primary beneficiaries would include low-

income seniors, medically vulnerable populations, outdoor workers, and families without access to in-unit air conditioning. 

6.2 Behavior Change 

Local governments should implement targeted public awareness campaigns to educate communities about the dangers of  
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extreme heat, the importance of hydration, the necessity of avoiding peak-hour outdoor activities, and the availability of cooling 

shelters. The effectiveness of public health campaigns in preventing heat-related illnesses has been demonstrated in various 

studies. For example, during the deadly 2003 European heatwave, which caused an estimated 70,000 excess deaths [61], coun-

tries with strong public awareness measures, such as France, saw a reduction in mortality rates in subsequent years due to 

improved preparedness and education [62]. 

Educational initiatives could include multilingual outreach programs, social media campaigns, and partnerships with 

trusted community organizations to ensure information reaches all demographics. Public awareness efforts focusing on hydra-

tion and cooling centers, along with mobile technology, such as SMS-based heat alert systems triggered when heat indices 

reach dangerous levels, can reduce heat-related emergency department visits in urban areas [63]. 

Vulnerable populations, including older adults, young children, outdoor workers, and individuals with chronic illnesses, 

require targeted interventions. Workplace heat safety policies that mandate frequent hydration breaks and provide shaded rest 

areas for outdoor workers are effective in reducing heat-related illness incidents. Similarly, school-based programs that educate 

children on heat safety can foster long-term behavioral changes and enhance community resilience to heatwaves. 

Beyond educational campaigns, behavioral interventions should incorporate community-driven solutions, such as peer-to-

peer training programs and the creation of neighborhood heat action plans. Encouraging social engagement during heatwaves, 

such as volunteers checking on elderly neighbors or distributing bottled water to unhoused populations, can significantly reduce 

the risk of heat-related mortality.  

These interventions can be implemented by city health departments, public schools, community-based organizations, and 

neighborhood resilience hubs. Their relatively low cost and scalability make them a powerful tool for protecting public health, 

especially when combined with physical infrastructure and policy-based strategies. 

6.3 Modifying Outcomes 

Investments in infrastructure and urban planning strategies can significantly reduce heat-related illnesses and fatalities. 

Cooling centers—located in community centers, libraries, and schools—are essential during heatwaves, especially for individ-

uals without access to home air conditioning. A study published in the International Journal of Environmental Research and 

Public Health suggests that visiting a cooling center can reduce the risk of heat-attributable death by approximately 66% [64]. 

However, it has been observed that a low percentage of at-risk populations actually utilize these facilities, highlighting the need 

for better outreach and accessibility measures. 

Programs promoting energy-efficient air conditioning can alleviate the financial burden of cooling costs while reducing 

overall energy consumption. The Center for Climate and Energy Solutions (C2ES) notes that home air conditioning accounts 

for almost 6% of all electricity produced in the U.S., costing homeowners over $29 billion annually. By upgrading to energy-

efficient cooling systems, households can reduce these expenses and contribute to a decrease in the approximately 441 million 

tons of carbon dioxide emitted annually from home heating and cooling [65]. Incentive programs providing subsidies for energy-

efficient air conditioners or tax rebates for home insulation improvements can make cooling more affordable for low-income 

households, reducing the risk of heat-related health complications. 

To further enhance outcomes, municipalities should integrate climate-responsive building codes that mandate heat-reflec-

tive materials, improved ventilation systems, and thermal insulation for residential and commercial structures. Governments 

should prioritize these interventions within climate adaptation strategies to foster resilience and sustainability in urban planning. 

Integrating climate-responsive policies into municipal governance can enhance public health outcomes, reduce healthcare costs, 

and promote environmental sustainability.  
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9 Appendix  

A1: Twenty-one CMIP6 models used in temperature projections 

Table A1: Twenty-one CMIP6 Models Used in Future Temperature Projections 

Climate model Originating Institute 

ACCESS-CM2 Australian Community Climate and Earth System Simulator (ACCESS) 

ACCESS-ESM1-5 Australian Community Climate and Earth System Simulator (ACCESS) 

AWI-CM-1-1-MR Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research (AWI), Germany 

BCC-CSM2-MR Beijing Climate Center (BCC), China Meteorological Administration 

CanESM5 

Canadian Centre for Climate Modelling and Analysis (CCCma), Environment and Climate 

Change Canada 

CNRM-CM6-1 

Centre National de Recherches Météorologiques (CNRM), Météo-France/Centre Européen de Re-

cherche et de Formation Avancée en Calcul Scientifique (CERFACS) 

CNRM-ESM2-1 

Centre National de Recherches Météorologiques (CNRM), Météo-France/Centre Européen de Re-

cherche et de Formation Avancée en Calcul Scientifique (CERFACS) 

EC-Earth3-Veg EC-Earth Consortium 

EC-Earth3 EC-Earth Consortium 

FGOALS-g3 Chinese Academy of Sciences (CAS), China 

GFDL-ESM4 

Geophysical Fluid Dynamics Laboratory (GFDL), National Oceanic and Atmospheric Admin-

istration (NOAA), USA 

INM-CM4-8 Institute for Numerical Mathematics (INM), Russia 

INM-CM5-0 Institute for Numerical Mathematics (INM), Russia 

IPSL-CM6A-LR Institut Pierre-Simon Laplace (IPSL), France 

KACE-1-0-G 

National Institute of Meteorological Sciences (NIMS), Korea Meteorological Administration 

(KMA), and APEC Climate Center (APCC), South Korea 

MIROC6 

Japan Agency for Marine-Earth Science and Technology (JAMSTEC)/Atmosphere and Ocean 

Research Institute (AORI), The University of Tokyo/National Institute for Environmental Studies 

(NIES), Japan 

MPI-ESM1-2-HR Max Planck Institute for Meteorology (MPI-M), Germany 

MPI-ESM1-2-LR Max Planck Institute for Meteorology (MPI-M), Germany 

MRI-ESM2-0 Meteorological Research Institute (MRI), Japan 

NorESM2-LM Norwegian Climate Centre (NCC), Norway 

NorESM2-MM Norwegian Climate Centre (NCC), Norway 

This information is compiled from the CMIP6 Controlled Vocabularies (CVs) provided by the World Climate Research 

Programme (WCRP) at https://wcrp-cmip.github.io/CMIP6_CVs/   

 

A2: Computation details for heat stress metrics 

 1. Computation of Relative Humidity (RH) 

Relative humidity is the ratio of the actual water vapor pressure to the saturation vapor pressure, expressed as a percentage. 

It is computed as follows: 

𝑅𝐻 = 100 ×
𝑒𝑠(𝑇𝑑𝑒𝑤) 

𝑒𝑠(𝑇𝑎𝑖𝑟)  
 

where: 

• 𝑒𝑠(𝑇𝑑𝑒𝑤) is the actual vapor pressure, determined from the dew point temperature. 

• 𝑒𝑠(𝑇𝑎𝑖𝑟) is the saturation vapor pressure at air temperature T. 

• RH is given as a percentage. T is in degrees Celsius. 

The saturation vapor pressure 𝑒𝑠(𝑇 ) can be estimated using the Magnus-Tetens equation [66]: 

https://wcrp-cmip.github.io/CMIP6_CVs/
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𝑒𝑠(𝑇 ) ≈ 6.1094 ×  exp( 
17.625T 

(243.04 +  T) 
) 

This method provides an estimate of RH using dew point and air temperature, which is widely applied in meteorology 

and environmental sciences. 

2. Computation of Heat Index (°F) 

The heat index (HI) is a 'feels-like' temperature metric that represents the combined effects of temperature and relative 

humidity. It provides a measure of how hot it feels to the human body under given conditions. The National Oceanic and 

Atmospheric Administration (NOAA) [67] defines the heat index using a polynomial formula when the temperature is at least 

80°F and the relative humidity is 40% or higher. If these conditions are not met, the heat index is simply equal to the air 

temperature. 

The NOAA polynomial formula for HI is given by: 

𝐻𝐼 = 𝑐1 + 𝑐2𝑇 + 𝑐3𝑅 + 𝑐4𝑇𝑅 + 𝑐5𝑇2 + 𝑐6𝑅2 + 𝑐7𝑇2𝑅 + 𝑐8𝑇𝑅2 + 𝑐9𝑇2𝑅2   

where:  

• T is the air temperature in °F 

• R = Relative humidity (percentage, 0–100) 

• 𝑐1 to 𝑐9 are empirical constants defined by NOAA:  𝑐1= -42.379,  𝑐2= 2.04901523,  𝑐3= 10.14333127, 𝑐4= -0.22475541, 

𝑐5= -6.83783 × 10⁻³, 𝑐6= -5.481717 × 10⁻², 𝑐7= 1.22874 × 10⁻³, 𝑐8= 8.5282 × 10⁻⁴, 𝑐9= -1.99 × 10⁻⁶. 

3.Computation of Wet-Bulb Temperature (°𝐶) 

The wet-bulb temperature represents the lowest temperature an object can reach by evaporative cooling. It is calculated 

using an empirical approximation [68]: 

𝑇𝑤 
≈ 𝑇 × tan−1  (0.151977 × √𝑅𝐻 +  8.313659) +  tan−1(𝑇 + 𝑅𝐻) − tan−1(𝑅𝐻 − 1.676331)

+ 0.00391838 × 𝑅𝐻3/2 ×  tan−1(0.023101 × 𝑅𝐻)  −  4.686035 

where: 

• 𝑇 is the air temperature in °C. 

• 𝑅𝐻 is Relative Humidity (percentage, 0–100) 

• 𝑇𝑤 is the wet-bulb temperature in °C. 

 

A3: Exploratory Analysis of Heat-Related ED Visits (2017–2023) 

Distribution of Maximum Daily Temperatures (May–September, 2017–2023) 

 

Figure A3.1: Distribution of maximum daily temperatures (May-September 2017-2023) 
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Figure A3.1 suggests that most days had maximum temperatures between 70°F and 94°F, with the peak frequency 

around 80–85°F, while extremely hot days (above 95°F) were relatively rare. 

Monthly Distribution of Heat-Related ED Visits (2017–2023) 
 

 
Figure A3.2: Percentage of Heat-Related ED Visits by Month (2017–2023 Combined) 

Figure A3.2 shows the percentage of heat-related emergency department (ED) visits by month from 2017 to 2023. July 

has the highest share (46%), followed by June (18.7%) and August (20.3%), indicating peak heat-related health impacts dur-

ing mid-summer. May and September have significantly fewer cases. 

Distribution of Heat-Related ED Visits (May–September, 2017–2023) 

 

Figure A3.3: Distribution of Heat-Related ED Visits (May–September, 2017–2023) 

Figure A3.3 suggests that most days had a few or zero heat-related ED visits, while a few extreme days experienced a 

much higher number of cases. The majority of days had fewer than 10 ED visits, with a sharp decline in frequency as the 

number of visits increased. However, some outlier days saw over 50 heat-related visits. 

Relationship Between ED Visits and PM2.5 Levels 
Figure A3.4 suggests a weak or negligible correlation, as there was no clear upward trend between PM2.5 levels and ED 

visits. Most ED visits occur at low PM2.5 levels (below 30 µg/m³), and there was no consistent increase in visits as PM2.5 

rises. This supports the idea that temperature, rather than air pollution, is the primary driver of heat-related ED visits. 
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Figure A3.4: Relationship between ED Visits and PM2.5 levels 

Daily Maximum Temperature and ED Visits with Lag Effect (May–September, 2017–2022) 
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Figure A3.5: Daily Maximum Temperature and ED Visits with Lag Effect (May–September, 2017–2022) 

 

A4: Long-Term Climate Trends  

Projected & Historical Monthly Average Maximum Temperature (May–September) 

In Figure A4.1 SSP 2-4.5 (moderate emissions, left panel) shows a gradual warming trend over time, while SSP 3-7.0 (high 

emissions, middle panel) indicates a more rapid temperature increase. SSP 5-8.5 (very high emissions, right panel) projects the 

most extreme warming, with maximum temperatures in two summer months exceeding 95°F by 2100. 

 

 

Figure A4.1: Projected (2015–2100) and historical (1979–2024) monthly maximum temperature trends in NYC (May–

September) under different emission scenarios 
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Figure A4.2 presents the historical and projected annual count of days with maximum temperatures exceeding 82°F, 90°F, 

and 95°F from 1979 to 2100 during May–September. Projections suggest a substantial increase in extreme heat days, with 

higher-emission scenarios leading to more frequent and intense heat events by the late 21st century. The trend is particularly 

pronounced for days ≥ 95°F, where the increase accelerates after 2050, especially under the SSP 5-8.5 scenario. 

 

Figure A4.2: Projected (2015–2100) and historical (1979–2024) number of hot days in NYC (May – September) under 

different emission scenarios 

A5: Predicted total # of excess heat-related ED visits during 2075-2100  

Table A5: Predicted total # of excess heat-related ED visits during 2075-2100 along with corresponding 95% confi-

dence intervals reflecting statistical uncertainty in risk estimation for 21 climate models under three SSP scenarios  

Climate Model  SSP 2-4.5 SSP 3-7.0 SSP 5-8.5 

ACCESS-CM2 21077 (20399 - 21755) 16274 (15750 - 16797) 30697 (29710 - 31684) 

ACCESS-ESM1-5 15727 (15221 - 16232) 19893 (19254 - 20533) 30796 (29806 - 31786) 

AWI-CM-、1-1-MR 15060 (14576 - 15544) 27150 (26277 - 28023) 27734 (26842 - 28625) 

BCC-CSM2-MR 15045 (14561 - 15529) 20875 (20204 - 21546) 23502 (22747 - 24258) 

CanESM5 10666 (10323 - 11009) 18354 (17764 - 18944) 23471 (22717 - 24226) 

CNRM-CM6-1 18684 (18083 - 19284) 26028 (25191 - 26864) 29055 (28120 - 29989) 

CNRM-ESM2-1 10016 ( 9694 - 10338) 20563 (19902 - 21224) 26840 (25977 - 27703) 

EC-Earth3-Veg 11201 (10841 - 11562) 26932 (26066 - 27798) 26870 (26006 - 27734) 

EC-Earth3 19004 (18393 - 19616) 21802 (21101 - 22503) 30513 (29532 - 31494) 

FGOALS-g3 11930 (11547 - 12314) 17820 (17247 - 18393) 20767 (20100 - 21435) 

GFDL-ESM4 11135 (10777 - 11493) 23979 (23208 - 24750) 17911 (17335 - 18487) 

INM-CM4-8  6017 ( 5824 -  6211) 22154 (21442 - 22866) 17482 (16920 - 18044) 

INM-CM5-0 16798 (16258 - 17338) 18829 (18224 - 19435) 33569 (32490 - 34649) 

IPSL-CM6A-LR 15721 (15216 - 16227) 25646 (24822 - 26471) 43152 (41764 - 44539) 

KACE-1-0-G 11297 (10934 - 11660) 17344 (16787 - 17902) 19407 (18783 - 20031) 

MIROC6 13826 (13381 - 14270) 22775 (22043 - 23507) 26697 (25838 - 27555) 

MPI-ESM1-2-HR 15000 (14518 - 15482) 27314 (26436 - 28192) 50351 (48732 - 51970) 

MPI-ESM1-2-LR 10573 (10233 - 10913) 33721 (32637 - 34805) 22679 (21950 - 23409) 

MRI-ESM2-0 15174 (14686 - 15662) 17235 (16681 - 17789) 22560 (21834 - 23285) 

NorESM2-LM 23877 (23110 - 24645) 20745 (20078 - 21412) 17634 (17067 - 18201) 

NorESM2-MM 13031 (12612 - 13450) 26834 (25971 - 27696) 22700 (21970 - 23429) 

 


