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Abstract

This research presents an analysis of spatial access to both opioid use disorder treatment facilities 

and emergency medical services in New Hampshire during 2015–2016, a period during which 

there was a steep increase in unintentional overdoses involving fentanyl. For this research, spatial 

access was computed using the enhanced two-step floating catchment area model combined with 

the Huff model to assess access across New Hampshire and give attention to supply-side 

parameters that can impact spatial access. The model is designed to measure access to healthcare 

services for opioid use disorder patients offered at treatment centers or from buprenorphine 

treatment practitioners, as well as from emergency medical services across New Hampshire. A 

composite index of accessibility is proposed to represent overall access to these different treatment 

services for opioid use disorder patients. Geospatial determinants of spatial access included street 

network distances, driving times and distance decay relationships, while other key factors were 

services availability and population demand. Among the towns with the highest composite access 

scores, approximately 40% were metropolitan locations while 16% were rural towns. The insights 

from this research showed that for this period, while the opioid crisis was impacting many towns 

in New Hampshire, high levels of access to treatment services were not uniform across the state. 

When comparing the access results with data on the towns of residence for individuals who died 

from unintentional overdoses involving fentanyl during 2015 and 2016, estimates found that 

approximately 40% of the towns were not estimated to be in the highest class of access to 

treatment services at the time. This research provides information for local public health officials 

to support planning strategies to address opioid use disorder treatment access in high-risk regions.
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1. Introduction

There has been a steep rise in opioid-related deaths in the US since 2010, with numbers of 

opioid overdose deaths reaching over 47,000 in 20171. The spatial pattern of these overdose 

deaths shifted from the US west coast in the early 2000s to New England, Appalachia, and 

the Ohio Valley by 2016 (Jalal et al., 2018; Rossen, Khan, & Warner, 2014; Ruhm, 2017; 

Stewart, Cao, Hsu, Artigiani, & Wish, 2017). In New England, specifically in Connecticut, 

Massachusetts and New Hampshire, opioid-related overdoses tripled between 2011 and 2016 

(Rudd, Seth, David, & Scholl, 2016), and in New Hampshire, opioid-related emergency 

department visits increased by 70% between 2011 and 2015 (Daly et al., 2017). Since 2013, 

the number of overdoses and deaths involving fentanyl have increased significantly to the 

point where fentanyl is now a major threat to public health, impacting states such as Ohio, 

West Virginia, New Hampshire, and Rhode Island among others (Ciccarone, 2010; Gladden, 

Martinez, & Seth, 2016; Marshall et al., 2017; Peterson et al., 2016). Overdoses involving 

fentanyl have become much more widespread due to the fact that fentanyl contains more 

powerful chemical analogues than heroin and is cheaper, easier to manufacture, and is 

difficult to distinguish from other illicit substances (Baldwin et al., 2018; Ciccarone, 

Ondocsin, & Mars, 2017; Green & Gilbert, 2016; Somerville et al., 2017).

In 2015, increases in fentanyl-related overdose deaths were occurring at a very high rate in 

New Hampshire, and this spurred a National Drug Early Warning System (NDEWS) 

HotSpot study in 2016 on unintentional overdoses involving fentanyl. The mission of NIDA-

supported NDEWS is to monitor indicators of emerging drugs in the United States. To 

achieve this mission, NDEWS staff monitor available opioid use indicators and sponsor 

HotSpot studies to investigate local drug outbreaks. According to NDEWS, while the 

number of New Hampshire deaths caused by fentanyl was less than 20 per year up to 2013, 

the number had increased to over 280 in 2015 (Sorg, Wren, Stewart, & Cao, 2017). The New 

Hampshire study assessed among other factors, the geospatial relationships between the 

location of drug use, place of residence, and place of death for decedents from drug 

overdoses in New Hampshire between 01/2015 and 09/2016. The analysis demonstrated that 

most of the fatal drug overdoses occurred in metropolitan areas (NDEWS, 2017; Sorg et al., 

2017).

The rise of use disorders and mortality from opioids including fentanyl, has raised attention 

on whether these patients are receiving adequate treatment services. The 2016 National 

Survey on Drug Use and Health (NSDUH) administered by the Substance Abuse and Mental 

Health Services Administration (SAMHSA) reported that although approximately 21 million 

people aged 12 or older needed treatment for substance use in 2016, almost 90% of these 

patients reported that they did not receive professional treatment in the previous 12 months 

(Substance Abuse and Mental Health Services Administration, 2017). Previous research 

investigated the risks associated with not receiving timely treatments (e.g., buprenorphine-

naloxone, access to methadone clinics and emergency medical services) among individuals 

with opioid use disorders both in the US and globally (Dodson, Enki Yoo, Martin-Gill, & 

Roth, 2018; Dunlop et al., 2017; Lo et al., 2018; Yarborough et al., 2016). For example, in 

1https://www.drugabuse.gov/related-topics/trends-statistics/overdose-death-rates
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the U.S., a study based on outpatient treatment centers in Baltimore found patients traveling 

more than 4 miles were significantly associated with a shorter length of stay for treatment 

completion (Beardsley, Wish, Fitzelle, O’Grady, & Arria, 2003). In New York City, a one-

mile travel distance was utilized as threshold for analyzing spatial access to syringe 

exchange programs among drug injectors and a median of 10% of district surface area were 

within this distance in 2005 (Cooper et al., 2011). A study in Houston, TX found that heroin 

injectors tended to live closer to treatment facilities, in order to get assistance and reduce 

injecting (Kao, Torres, Guerrero, Mauldin, & Bordnick, 2014). Other factors that influence 

behaviors among opioid users include lower socioeconomic levels (and higher crime rates) 

for neighborhoods (Kwan et al., 2018) and that impede access to opioid treatment programs 

and impact treatment continuity among drug users (Mennis et al., 2012).

In New Hampshire, there has been a significant increase in treatment demand for patients 

with opioid use disorders. The number of opioid-related emergency department visits in July 

2016 were double the number from February 2016, and treatment admissions associated 

with heroin and fentanyl significantly exceeded that for prescription opioids (NDEWS 

Coordinating Center, 2016). In addition to the services from opioid use disorder treatment 

facilities, receiving treatment from emergency medical service (EMS) providers, especially 

naloxone administration at the scene is also critically important when an opioid drug 

overdose occurs (Faul et al., 2015, 2017). In New Hampshire, a low likelihood of receiving 

interventions from EMS was found in rural locations (Sorg et al., 2017). Enhancing access 

to both treatment facilities and EMS services including administering naloxone is important 

for state and local health planning officials and related stakeholders in reducing the impacts 

associated with opioid use disorder, especially in a state where a significantly high number 

of deaths from fentanyl poisoning have been identified. However, very few studies have 

investigated spatial access to more than one type of resource, e.g., treatment facilities and 

EMS.

Spatial access refers to the geographic barriers that might exist between service suppliers 

and population demand (Joseph & Phillips, 1984). A standard approach to measure spatial 

access uses a gravity-based model that considers the spatial interactions between population 

locations and service locations based on how far patients are willing to travel (Guagliardo, 

2004; Kim & Kwan, 2003; Kwan & Hong, 1998). This framework has been widely used in 

health care studies and is often used to explain impedances in patients’ travel to health care 

services given the availability of facilities (Cao, Stewart, & Kalil, 2016; Gharani, Stewart, & 

Ryan, 2015; Ye & Kim, 2014). In this research, we investigate the key factors or 

determinants of accessibility that include street network distance, driving time, and distance 

decay, as well as services availability and population demand to provide a measure of access 

to key treatment resources for New Hampshire. This work involves an analysis of spatial 

access to opioid use disorder treatment centers and programs, locations of buprenorphine 

treatment practitioners, and EMS services by town for 2015 – 2016, a key period during the 

opioid crisis in New Hampshire. We combine accessibility indices to produce a composite 

index of spatial access that provides an overall pattern of accessibility to key treatments 

including emergency response services across the state, and compare this result with known 

locations (towns) of fatal overdoses that involved fentanyl during this period. The findings 
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provide support for local state stakeholders for allocating scarce treatment resources during 

the national opioid epidemic.

2. Methods

2.1 Data

New Hampshire has 10 counties and 259 county subdivisions, including 222 towns, 13 

incorporated places, and 24 other spatial entities (including grants, locations, purchases and 

townships). This state is composed of 120 rural and small towns (population < 10,000), with 

an overall population in 2015 of 1.3 million (Figure 1). For this research, spatial analyses 

were undertaken at the granularity of county subdivision (town level), to be consistent with 

the NDEWS HotSpot study, where the number of overdoses involving fentanyl and possibly 

other drugs was reported at the same spatial granularity. Details of towns and corresponding 

demographic data for 2015 obtained from the American Community Survey are listed in 

Appendix A. The analysis also uses the number of heroin and prescription opioid treatment 

admissions for New Hampshire during 2015–2016 as reported by the New Hampshire 

Department of Health and Human Services2. The number of treatment admissions for each 

town were estimated based on the proportion of town population in each county. In order to 

investigate spatial access from towns to opioid use disorder treatment centers, this research 

analyzed locations of 49 treatment centers in the state of New Hampshire from SAMHSA3, 

released in February 2017. The full list of service settings and treatment types for the centers 

are listed in Appendix B. In addition, the locations of 125 buprenorphine treatment 

practitioners were also collected from SAMHSA. In New Hampshire, the cities of 

Manchester and Nashua designated 16 fire stations as Safe Stations to help fast track patients 

seeking treatment for opioid use disorders4. The analysis of spatial access to emergency 

medical services (EMS) was based on data for 172 EMS stations, collected from the State 

Department of Safety, Division of Fire Standards & Training & Emergency Medical 

Services5 for fire stations with transport licenses and Yellow pages6 for private EMS 

services (e.g., American Medical Response in Manchester). These data were accessed in 

2017.

Another dataset in this research included data on 492 decedents in New Hampshire whose 

deaths occurred between 01/2015 and 09/2016, and were reported to be from drug poisoning 

due to fentanyl alone or in combination with other drugs and/or alcohol. Most victims were 

white, male, and between 20–39 years old (Sorg et al., 2017). Data about these deaths were 

collected as part of the collaboration between NDEWS New Hampshire HotSpot study 

researchers and the Office of the Chief Medical Examiner in New Hampshire.

The spatial data for this research included boundaries for 259 county subdivisions (e.g., 

towns) from TIGER/Line Shapefiles, street network data from OpenStreetMap, population 

totals for each town, as well as socioeconomic variables from the US Census Bureau’s 

2https://www.dhhs.nh.gov/dcbcs/bdas/documents/dmi-2016-overview.pdf
3https://findtreatment.samhsa.gov/locator?
4https://www.manchesternh.gov/Departments/Fire/Safe-Station
5https://www.nh.gov/safety/divisions/fstems/ems/documents/unitdirectory.pdf
6https://www.yellowpages.com/search?search_terms=ambulance+services&geo_location_terms=NH
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American Community Survey (ACS)7 for 2015. The urban-rural classification is from 

USDA’s Rural-Urban Commuting Area (RUCA) Codes8, and were aggregated into 4 

categories: metropolitan (urbanized areas of 50,000 and more population), micropolitan 

(large urban clusters of 10,000 to 49,999 population), small town (small urban clusters of 

2,500 to 9,999 population), and rural areas (outside urban areas or urban clusters) (Figure 1).

2.2 Determinants for calculating access to opioid use disorder treatment facilities

For this study, the analysis of spatial access to opioid use disorder treatment facilities 

includes access to treatment centers, buprenorphine treatment practitioners, and Safe 

Stations. To calculate spatial access from town centroids to these locations, the enhanced 

two-step floating catchment area (E2SFCA) model (W. Luo & Qi, 2009) and the Huff model 

(Huff, 1963) were used together. These models are described in Appendix C. E2SFCA is 

based on the original two-step floating catchment area (2SFCA) model developed by Luo 

and Wang (2003) to overcome a limitation in the original 2SFCA model where driving time 

from an origin to any destination falling into a catchment area is the same regardless of 

actual distance (i.e., the same driving time threshold is used throughout a catchment). The 

E2SFCA model captures variable catchment sizes (i.e., variable driving times) using an 

impedance function between each origin (e.g., centroid of town) and destination (treatment 

service location) pair based on three key geospatial parameters, including street network 

distance, driving time and distance decay, for local populations with respect to receiving 

health care (W. Luo & Whippo, 2012; McGrail, 2012; Schuurman, Bérubé, & Crooks, 

2010).

The Huff model (Huff, 1963) has also been applied in human mobility research to 

investigate place-based accessibility espcially in the context of urban services (Chen et al., 

2017; Lu, Shaw, Fang, Zhang, & Yin, 2017). The use of the Huff model with E2SFCA was 

reported by Luo (2014), where the Huff model was applied to quantify the probability of 

selecting a health care service site among available services sites, based on the capacity or 

suitability of each facility. In this study, we used the total number of treatment types reported 

for each center and practitioner. The benefit of using both models together is that supply side 

properties are represented based on the different service settings and treatment services 

available at the treatment centers or practitioner locations.

To compute spatial access from town centroids to EMS service locations, some 

modifications were made to the E2SFCA. According to a national study on EMS 

administration of naloxone, the proportion of 911 calls associated with drug overdoses is 

less than that for other incidents (e.g., stroke and heart attack) (Faul et al., 2015, 2017). For 

EMS services, there may also be differences in activation times (the time between receiving 

a 911 call and ambulance dispatch) between urban and rural locations, as well as between 

volunteer and non-volunteer fire stations, where volunteers may be paged to respond to an 

emergency and require additional minutes for travel (Carr, Branas, Metlay, Sullivan, & 

Camargo, 2009). Details of parameter adjustments are displayed in Table 1 in Appendix C.

7https://www.census.gov/programs-surveys/acs
8https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes.aspx
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In order to achieve a measure of spatial access that encompasses the different types of 

treatment services across the state of New Hampshire during this time period, we created a 

composite index that reflects all aspects of treatment–non-emergency and emergency–that 

opioid use disorder patients may require. Details of the computational approach and model 

modifications are described in Appendix C. All the analyses were implemented using R 

3.2.5.

3. Results

3.1 How spatial access to key treatment services varies across New Hampshire

We conducted both separate and combined analyses of spatial accessibility investigating 

access to treatment centers, buprenorphine treatment practitioner locations, and EMS 

services in New Hampshire. While the spatial variations across the state meant that no strong 

relationship held everywhere, when the association between access to treatment centers and 

access to EMS services was examined using a Pearson’s correlation test, a slightly positive 

relationship was found with a coefficient of 0.147, p-value 0.017, and t-value 2.402 (CI 

95%) (Figure 2). This suggests that in general, where access to treatment centers was higher, 

access to EMS services also tended to be higher.

A combined analysis of spatial access to opioid use disorder treatment centers and 

buprenorphine treatment practitioner locations (referred together as treatment facilities) is 

shown in Figure 3a. For mapping, a quantile classification was used where each class 

contains approximately 15% of towns (approximately 45 towns). We found that for access to 

treatment facilities, towns along the borders of New Hampshire with Vermont, 

Massachusetts, and Maine including Conway, Portsmouth, Keene, Lebanon and Bethlehem 

were in the highest class of access scores. The cities of Manchester and Nashua fall into the 

second highest class of access. In the northern part of the state, certain towns, e.g., 

Colebrook and Ossipee were examples of rural towns that were also in the highest group of 

access to treatment facilities. With respect to EMS services, access was found to be high 

especially in mid-to-southern New Hampshire (e.g., Gilford, Concord, and Manchester) 

(Figure 3b). Lancaster in Coos County and Conway in Carroll County were other examples 

of towns that had the highest estimates of access to EMS services.

Our results found that access to both service types together (i.e., treatment facilities and 
EMS services) for this period was estimated to be higher in southern, more populous 

locations than in northern, remote and less populated areas of the state (Figure 4). The top 5 

locations with the highest composite access scores were Hampstead, Keene, Conway, 

Portsmouth, and Lebanon. For northern rural locations Haverhill and Bethlehem in northern 

Grafton County, and Whitefield and Carroll in Coos County were found to be in the top 

class of composite access. Lower composite scores for spatial access during this period were 

returned for towns in northern Coos County, and towns in Sullivan and Grafton Counties in 

western New Hampshire, as well as towns in Hillsborough County.
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3.2 Spatial accessibility and drug poisoning deaths caused by fentanyl or other drugs

The spatial pattern of individual drug poisoning deaths caused by fentanyl alone or in 

combination with other drugs and/or alcohol between 01/2015 and 09/2016 based on town 

of residence for 492 decedents (a total of 105 towns) was examined (Figure 4). Natural 

breaks was applied for categorizing the number of decedent residents in Figure 4. These 

individuals resided in 112 county subdivisions and villages, with 7 towns (Seabrook, 

Concord, Dover, Rochester, Derry, Nashua and Manchester) having more than 10 decedent 

residents each during the period of study. Analysis of the correlation between the estimated 

number of opioid treatment admissions by town and the number of decedent residents by 

town returned a strong positive correlation (coeff. 0.894, CI 99.9%).

Approximately 27% of the towns with decedent residents (29 out of 105 towns) were found 

to have composite index scores in the highest class (i.e., access to treatment facilities and 
EMS services) based on our model (Figure 4). These towns accounted for a total of 289 

decedents (approximately 60% of the total). Among the 17 towns with highest estimates of 

opioid treatment admissions, Merrimack, Nashua, Seabrook, Dover, Derry, Laconia, 

Manchester, Hampton, Concord and Portsmouth had the highest composite access scores. 

However, seven towns that were associated with higher numbers of opioid treatment 

admissions (>5) for this period and also higher numbers of decedent residents (>7) had low 

composite access scores (lowest three classes). These towns include Farmington, 

Somersworth, Rochester, Salem, Pelham, Hudson, and Hooksett. Towns with fewer than 5 

decedent residents (and towns with no decedent residents for this period) were likely to be 

associated with smaller populations in general. Among this group, while about 15% of these 

towns were estimated to have high access (e.g., Conway and Bethlehem), approximately 

35% were in the lowest two classes of access to both types of treatment services. Towns with 

lower access were mostly northern and western rural towns.

3.3 Spatial accessibility and urbanization

We also investigated the association between spatial access and towns classified based on 

urbanization: metropolitan (29.2%), micropolitan (24.6%), small town (10.4%), and rural 

(35.8%) as per 2015. Among the towns in the highest class of access to treatment facilities, 

approximately 32.5% were rural towns (Table 1). These towns included Madison and 

Wolfeboro in Carroll County, and Bethlehem and Haverhill in Grafton County. Seven towns 

were classified as small towns including Conway and Hale’s (Figure 3a). Thirty-five percent 

of towns in the highest class of access to EMS were metropolitan while 14% were rural 

towns. Metropolitan and micropolitan locations represented approximately 70% of the towns 

with the highest composite index scores (Figure 4). Higher access indices are returned for 

Manchester, Nashua, Seabrook, and Greenland, as well as for some rural towns such as 

Haverhill and Bethlehem. This trend between access and urbanization was verified through a 

Chi-squared test with p<0.01.

3.4 Spatial accessibility and socioeconomic factors

In addition to urbanization, we also investigated whether there were any associations 

between the spatial access results and certain socioeconomic variables including median 

household income, the percentage of residents with employment, and the percentage of 
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residents with a bachelor’s or higher degree (Table 2). The results showed locations with 

larger populations that were full-time employed, higher median household income and 

college-educated, were found to have higher access to treatment. Education showed a 

stronger positive correlation with access to treatment facilities in locations including 

Portsmouth (close to the University of New Hampshire), Merrimack, Hampton and Lebanon 

(close to Dartmouth College). Employment was found to have a higher positive association 

with access to EMS, as well as with composite access scores. Locations with both high 

values of employment and median household income were mostly in Rockingham and 

Strafford Counties (including Portsmouth, Hampstead and Derry) and these locations also 

corresponded with high access to both types of treatment services.

4. Discussion

In this research, we investigated the characteristics of spatial access to opioid use disorder 

treatment services, to both treatment facilities (including buprenorphine treatment 

practitioner locations), and emergency medical services. We undertook a comprehensive 

analysis of spatial access using an integration of the E2SFCA model and Huff model for 

modeling access to treatment facilities, as well as a modified E2SFCA for modeling access 

to EMS services. The integration of the two models plus the adjustment to the E2SFCA 

model make this approach for determining spatial accessibility more realistic and provide a 

better fit for modeling access to opioid use disorder services. Instead of using simple buffer 

zones to analyze access to treatment services, our models reflect the different patterns of 

locations of different types of services as well as the role of several key determinants, 

including street network distance, driving time, distance decay, treatment services 

availability and population demand.

The results show a marked variation in access to opioid use disorder treatment services 

across the state with higher access mainly located in the southern part of the State following 

the trend of where the larger population centers exist. The patterns varied for the different 

treatment service types. For example, towns along the western border with Vermont and the 

eastern border with Maine had higher access to opioid use disorder treatment facilities, 

while central and southern towns had generally higher access to EMS. Certain rural towns, 

for example, at the border of Merrimack County and Grafton County, with higher access 

scores for EMS services, may benefit from EMS stations located in nearby larger centers. 

However, certain locations did not show high access to all treatment resources. For example, 

for locations with high estimates of opioid treatment admissions, even where the set of 

services including outpatient, residential, and inpatient services may be available, access 

may be insufficient.

In general, good spatial access to treatment centers, buprenorphine treatment practitioners, 

fire stations with Safe Station programs, and EMS stations with multiple service vehicles, 

plus an optimal road network were the characteristics of locations with high composite 

spatial access scores. These locations were also associated with higher socioeconomic status. 

This corresponds to relationships found in previous research by Stahler et al. (2016) and 

Stein et al. (2015) who both reported higher opioid use associated with groups with lower 

socioeconomic status. The analysis of urban-rural differences indicated that only 
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approximately 33% of rural towns were in the highest category of access to treatment 

facilities. This percentage went down to 16% for the highest class of composite access (both 

treatment facilities and EMS together). For rural towns, there was an overall lower number 

of treatment centers and buprenorphine treatment practitioners, as well as EMS stations. 

This finding corresponds to previous research on rural patients and the degree to which they 

experience lower opportunities for receiving opioid use disorder treatment due to e.g., lack 

of physicians, current technology, and longer travel distances (Browne et al., 2016; 

Rosenblatt, Andrilla, Catlin, & Larson, 2015; Sigmon, 2015).

The analyses also showed that certain towns (e.g., Rochester) that were impacted by high 

numbers of fentanyl deaths between 01/2015 and 09/2016, did not necessarily have high 

access to all types of treatment services. We found that approximately 40% of decedent 

individuals during the study period resided in towns that were not estimated to have the 

highest composite access. This suggests a possible gap in the location of treatment services 

for patient populations in certain towns during this time. While in some locations (e.g., 

Manchester), there was estimated to be good access to treatment services, the numbers of 

treatment admissions and fentanyl deaths were still high. Further investigation is needed to 

get a clearer understanding of whether other factors may be contributing to impeding access 

for these individuals. The locations where higher numbers of fentanyl decedents resided, 

however, varied with respect to access to different treatment services. This indicates that 

while many of the towns with generally larger estimates of opioid treatment admissions and 

larger numbers of decedent residents scored high with respect to spatial in access for EMS, 

they did not also score highly for spatial access to treatment facilities (or vice versa), i.e., 

they did not have high access to both types of services. These low access zones highlight 

locations that could be looked at in more detail by local health officials to determine whether 

additional resources should be planned for these locations.

5. Limitations

Data limitations are often noted in health-related studies. In this research, data on the 

number of beds and physicians were unavailable. Psychosocial therapies and counseling 

services were not part of this analysis, and so are not included as service settings that 

represent the varying capacities of opioid use disorder treatment centers. This could result in 

underestimations relating to treatment centers and less variation among centers in general. 

Potential overestimation of access to buprenorphine treatment practitioners may exist due to 

over-counting of possibly waivered physicians from the SAMHSA dataset (Huhn & Dunn, 

2017). When analyzing access to EMS, we retrieved the number of emergency transport 

vehicles based on publicly accessible data sources. However, the numbers were estimated 

for most private ambulance stations based on spot checking across the state and therefore 

could be underestimated. And while the spatial extent of this research is the state of New 

Hampshire, and the treatment centers, buprenorphine treatment physicians, and EMS 

stations are within the state boundary, there could be a potential underestimation of access 

for towns near the state’s boundary due to possible access for these residents receiving 

treatment outside the state.
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The treatment admission data this research used were reported by county, and were 

estimated to town level based on the proportion of population in each town. There could be 

underestimation in low populated locations and overestimation in more highly populated 

places. The opioid treatment admissions data do not include Medicaid and private-insured 

individuals. These limitations could be possibly improved by further sensitivity analysis.

6. Conclusions

Enhancing access to treatment services is an important step for local public health officials 

as they work to reduce the risks and impacts from high numbers of individuals suffering 

with opioid use disorders. The contribution of this research is that we have designed an 

approach to measure spatial access to opioid use disorder treatment services in relation to 

both treatment facilities and emergency medical services in New Hampshire, a state hit 

particularly hard by the opioid crisis. This study provides a detailed investigation of the 

degree to which access to treatment for opioid use disorder patients varied across the state 

during 2015–2016. The results from this research identified locations where there is 

mismatch between access to treatment services and impacts from fentanyl overdoses.

The unique insights from investigating spatial access for both treatment facilities and EMS 

together provides information that local health stakeholders (e.g., opioid use disorder 

treatment service planners and healthcare professionals) can use for decision support and 

could provide further strategies to improve treatment access in at-risk regions, for example, 

for locating additional treatment services. This analysis could be beneficial to other states 

currently being impacted by the opioid crisis where geographical insights could identify 

gaps in services that may impact different population groups.

Future research could include extending the types of facilities to include for example, 

psychosocial and counseling facilities that could be used by patients. In addition, insurance 

providers and waiting time for patients to access treatment, as well as the locations of police 

stations that are reported to possibly serve as deterrents to treatment access are additional 

factors that could contribute to impeding access and could be future determinants in the 

model.
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Appendix B10

List of service settings List of service types

Hospital inpatient substance abuse treatment

Residential detoxification

Outpatient methadone maintenance

Short-term residential methadone maintenance for predetermined time

Long-term residential methadone detoxification

Residential detoxification buprenorphine maintenance

Outpatient detoxification buprenorphine maintenance for predetermined time

Outpatient methadone/buprenorphine or naltrexone buprenorphine detoxification

Outpatient day treatment or partial hospitalization relapse prevention from naltrexone

Intensive outpatient treatment buprenorphine used in treatment

Regularoutpatient treatment naltrexone (oral)

Hospital inpatient detoxification vivitrol (injectable naltrexone)

Hospital inpatient treatment methadone

do not use medication for opioid addiction

accepts clients on opioid medication

prescribe/administer buprenorphine and/or naltrexone

all clients in opioid treatment program

SAMHSA-certified Opioid Treatment Program

Appendix C

Access to treatment facilities

The approach for the E2SFCA is expressed as follows (Eqs C1 and C2) while the parameters 

for this study will be explained together with the integration of the Huff model for Eqs (C4) 

and (C5).

R j =
S j

∑k ∈ dr
Pk f tk j

(C1)

Ai = ∑
j ∈ dr

R j f ti j (C2)

The Huff model (Huff, 1963) has also been applied in human mobility research to 

investigate place-based accessibility espcially in the context of urban services (Chen et al., 

2017; Lu et al., 2017). The use of the Huff model with E2SFCA was reported by Luo 

(2014), where the Huff model was applied to quantify the probability of selecting a health 
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care service site among available services sites, based on the capacity or suitability of each 

facility:

Probr =
C j f ti j

∑s ∈ dr
Cs f tis

(C3)

The advantage of using both models together is that supply side properties are represented 

based on the different service settings and treatment services available at the treatment 

locations. In equation (C3), Cj or Cs denotes the total number of treatment types that each 

center, doctor’s office, or fire station (Safe Station) is able to provide. As a result, the model 

for computing spatial accessibility to opioid use disorder treatment services (ATi) is as 

follows:

R j =
S j

∑k ∈ dr
Probk jPk f tk j

(C4)

ATi = ∑
j ∈ dr

Probi jR j f ti j (C5)

where Sj refers to the number of service settings (e.g., inpatient treatment) in each opioid use 

disorder treatment center, Safe Station Program, or buprenorphine treatment practitioner 

locations. Pk denotes population of heroin and prescription opioid treatment admissions in 

each town that falls into the catchment area dr of each treatment center j. In this study, we 

consider this number as the population of opioid use disorder patients. The access score ATi 

of each town is computed based on the sum of treatment service-treatment admission ratio 

Rj of each service site that falls into the catchment area dr of each town centroid j. The 

catchment area dr is defined by an impedance function. A Gaussian function is used for the 

impedance function (t) capturing the smoothing that fits best with the distance decay effects 

assumed for this analysis. Gaussian weights are computed as:

f ti j = e

−ti j
2

β (C6)

ti j = m * ti j + n (C7)

For the Gaussian function, tij represents the travel time for driving between each town 

centroid i and opioid use disorder treatment center j. The travel times were calculated using 
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an Origin-Destination matrix based on OpenStreetMap (Package osrm in R 3.2.5). m and n 
represent the indices of time adjustments and weights applied due to different travel 

scenarios. To consider the difference between actual and estimated driving times in different 

locations across the State, we undertook tests using Google Maps at different times of the 

day. Based on the fact that rural roads in New Hampshire have fewer vehicles and lower 

populations we multiplied 1.1, 1.3, 1.3, 1.4 to the estimated travel times to represent travel in 

rural, small town, micropolitan and metropolitan towns respectively (Carr et al., 2009). 

However, accounting for a longer travel time for patients residing in rural locations, we set 

different driving time thresholds (i.e., maximum driving time for patients) for rural, small 

town, micropolitan, and metropolitan. To identify the impedance coefficient for each urban-

rural category, we tested actual driving times for these categories using Google maps. The 

values of β vary based on whether the catchment areas cover rural or urban towns. In this 

research, for travel to treatment locations, 45 min was set as an accessible driving time 

threshold for rural locations, 35 minutes for small town, 30 minutes for micropolitan, and 25 

minutes for metropolitan towns (Table C1). The values of β are determined when Gaussian 

function f(tij) approaches 0 (e.g., 0.01 as threshold for this study) at 45, 35, 30 and 25 of 

each subzone (Cao, Stewart, & Kalil, 2016; Wan, Zhan, Zou, & Chow, 2012). This 

impedance function was applied in both the E2SFCA and Huff models in this analysis.

Spatial accessibility to buprenorphine treatment practitioners (ABi) was computed using 

E2SFCA (equation (C1) and (C2)) since these locations offered only a single type of service. 

In this analysis, all the service sites are weighted equally, with one physician at each 

location. The remaining computation follows the approach for computing spatial 

accessibility to treatment centers, adopting Gaussian weights for the impedance function and 

distinguishing rural, small town, micropolitan and metropolitan using 45 min, 35 min, 30 

min and 25 minutes as driving time thresholds for each population center respectively.

Table C1.

Summary of distance decay function parameters and driving time adjustments (New 

Hampshire, 2015–2016, n = 259 towns)

Driving 
time 

threshold 
for 

Gaussian 
function 

(min)

Impedance 
coefficient 

in Gaussian 
function

Driving 
time 

threshold 
for Inverse 

Power 
function 

(min)

Impedance 
coefficient in 

Inverse 
Power 

function

m 
(Eq.C7) 

for tij and 
tiu

n (Eq.C7) 
for tiu 
(min)

Urban-rural classification

Rural 45 440 20 1.54 1.1 3

Small town 35 270 18 1.6 1.3 2

Micropolitan 30 200 15 1.7 1.3 2

Metropolitan 25 135 13 1.8 1.4 1.5

EMS station type

Volunteer -- -- -- -- -- 3

Non-volunteer -- -- -- -- -- 0
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Access to emergency medical services (EMS)

To estimate access to EMS specifically for opioid use disorder, we subtracted the demand 

ratio for nonopioid EMS sevices (e.g., cardiac or trauma services) from the demand ratio for 

opioid use-related EMS services for the first step of E2SFCA:

Ru =
Eu

∑k ∈ dr
Pk(opioid)g tku

−
Eu

∑k ∈ dr
Pk(non − opioid)g tku

(C8)

AEi = ∑
u ∈ dr

Rug tiu (C9)

where Eu refers to the number of emergency transport vehicles (i.e., ambulances) for each 

EMS station u. Pk(non–opioid) denotes population that town total population subtracting 

heroin and prescription opioid treatment admissions in each town. This represents the 

population for other, non-opioid patients who utilized EMS services. In equation (C8), the 

original ratio 
Eu

∑k ∈ dr
Pk(opioid)g tku

 possibly overestimates the number of opioid use disorder 

patients accessing EMS services and therefore, the current Ru represented an effective ratio 

of EMS-opioid use disorder patients. The final AEi measures spatial accessibility to EMS 

specifically for opioid use disorder patients. The impedance function (tiu) for this analysis 

applied an inverse power function tiu−α to represent the distance decay effects for emergency 

service scenarios.

Previous research has reported that the national average emergency response time in the U.S. 

is 15 min 19 sec11. In this analysis, 20 min was set as an access threshold for emergency 

transport vehicles’ driving time responding to rural calls, and this threshold is gradually 

reduced for small towns and micropolitan towns, and reduced further to 13 min for 

metropolitan towns (possibly conservative for some urban EMS response times that may in 

fact be much faster). The values of the impedance coefficient were determined when the 

inverse power function reaches 0.01 for each category.

Deriving a composite index for spatial accessibility

To create the composite index, the first step involved normalizing the two indices for 

treatment centers and buprenorphine treatment practitioners (ATi and ABi) to a range 

between 0 and 1, equation (C10) (Abuzied, Yuan, Ibrahim, Kaiser, & Saleem, 2016; Ye & 

Kim, 2014). The normalized indices ATi and ABi were summed to compute composite index 

ATBi Through normalization, the original distribution of access scores of each type of 

treatment can be maintained. For the second step, both ATBi and AEi were normalized to the 

11https://www.autoinsurancecenter.com/emergency-response-times.htm
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range between 0 and 1 following equation (C10), and summed up to get an overall 

accessibility score (Eq. C11).

Anorm = A − Amin / Amax − Amin (C10)

Acomp = ATi(norm) + ABi(norm) norm
+ AEi norm) (C11)

Determine composite spatial access to treatment and EMS services in New Hampshire 

Significant variation was found in composite access across New Hampshire for 2015–2016 

Approximately 40% of towns with highest composite access are metropolitan locations 

Some locations with high access to treatment facilities do not score highly for access to 

EMS
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Figure 1. 
Urban-rural classification for New Hampshire by county subdivision (towns) (n = 259) for 

2015.
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Figure 2. 
Association between access to opioid use disorder treatment centers and access to EMS 

services (New Hampshire, 2015 – 2016, n = 259 towns)
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Figure 3. 
Spatial access for New Hampshire, 2015–2016, n=259 towns for (a) treatment facilities 

(composite access index for treatment centers and buprenorphine treatment practitioners, 

E2SFCA and Huff model) and (b) EMS (modified E2SFCA model).
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Figure 4. 
Composite index of spatial accessibility to treatment facilities and EMS, with towns of 

residence of decedents from fentanyl overdoses (New Hampshire, 2015–2016, n=259 towns)
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Table 1.

Counts and percentage of NH towns estimated to be in the highest class of composite access (treatment 

facilities, EMS, and both services) by urbanization category

Metropolitan Micropolitan Small town Rural

Access to treatment facilities 13 (30.2%) 9 (20.9%) 7 (16.3%) 14 (32.5%)

Access to EMS 15 (34.9%) 18 (41.9%) 4 (9.1%) 6 (13.6%)

Access to both services 17 (39.5%) 12 (27.9%) 7 (16.3%) 7 (16.3%)
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Table 2.

Correlation coefficient between spatial accessibility and median household income (MHI), % of residents with 

employment (EMP), and % of residents with bachelor’s or higher degree (EDU),

MHI (p-value) EMP (p-value) EDU (p-value)

Access to treatment facilities 0.109 (0.075) 0.122 (0.047)* 0.207 (0.001)*

Access to EMS 0.570 (<0.001)* 0.640 (<0.001)* 0.436 (<0.001)*

Composite access 0.461 (<0.001)* 0.520 (<0.001)* 0.430 (<0.001)*

*
Statistically significant within 95%CI
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