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Background: The current opioid epidemic is perhaps the greatest public health crisis in the
United States. Although multiple factors led to the rise of this epidemic, it is without question
associated with the rise in opioid prescribing.
Objectives: Better understanding of the opioid prescribing may provide insights into populationlevel trends contributing to this epidemic, and opportunities to decrease the magnitude of opioid
overdose-related death. Therefore we assessed trends in opioid prescribing habits based on analysis
of the Texas Prescription Drug Monitoring Program (PDMP) and geographic, ethnic, and incomerelated data from the US Census Bureau.
Study Design: Multiple linear regression analysis of Texas PDMP and US Census Bureau data
were performed to assess for correlations to opioid prescribing based on geographic, ethnic,
income, and time-related variables.
Setting: All controlled substances prescribed in the state of Texas from April 2015 to May 2018
were analyzed.
Methods: We obtained data from the Texas PDMP for all controlled substances from April 2015
to May 2018. We performed multiple linear regression analysis of these data along with US Census
Bureau data to assess for correlations based on geographic, ethnic, income, and time-related
variables. We hypothesized that there would be substantial variability in opioid prescribing habits
based on geographic, ethnic, and economic variables.
Results: Approximately 200 million pills of controlled substances were prescribed per month over
the studied time frame. Overall, high geographic variability was noted, and this strongly correlated
to race and ethnicity. Opioid prescribing increased along with the proportion of white residents
within a county, but a similar negative correlation was noted with increasing Hispanic population
proportion. This correlation was noted throughout the study period, but up until 2017, lower
income levels among higher white population had even higher correlation with increased opioid
prescribing. Cumulative opioid prescriptions throughout the state fell beginning in 2017.
Limitations: This analysis does not include opioids obtained illicitly or from prescriptions outside
the state of Texas. The specificity of geographic data are limited to the county level due to irregular
entry of zip code data by prescribing pharmacies.
Conclusions: In the state of Texas over the studied time period, there was strong correlation
for higher rates of opioid prescribing as white population increased despite overall decreased
opioid prescribing starting in 2017. Until 2017, this correlation grew stronger as low-income white
population increased.
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he current opioid epidemic confronting the
United States is a substantial public health
challenge. Annual deaths in the United States
from opioids are estimated to increase to 72,000 this
year (1), and 75% of opioid abusers report their first
exposure to opioids was in the form of a prescription
opioid (2). Although multiple factors led to the rise of
this epidemic, it is without question associated with the
rise in opioid prescribing.
Texas is the second largest state in the United
States by both land area and population (3). It contains
3 of the top 10 largest cities in the United States (4), yet
also contains 3 of the 4 least densely populated counties in the United States (5). It is also the seventh most
ethnically diverse state (6). It has a substantially higher
Hispanic population compared with the United States
as a whole, but similar proportion of white and black
residents (7,8). Given such a large and diverse population, both ethnically and geographically, we hypothesized that a population-level assessment of opioid
prescribing habits in Texas may yield valuable, actionable information for combating the opioid epidemic
both for Texas and potentially the entire United States.
In this present study, using data extracted from
both the Texas Prescription Drug Monitoring Programs
(PDMP) and the US Census Bureau, we evaluated the
trends in opioid prescribing in Texas and its interplay
with population variables. The aim of this study was to
evaluate geographic, ethnic, income, and time-related
trends or disparities in opioid prescribing habits that
would inform public health experts and policy makers of potential interventions they could pursue on a
population level to more effectively address the opioid
epidemic.

Methods
We obtained PDMP data related to controlled
substance prescriptions from April 2015 to May 2018
from the Texas State Board of Pharmacy. We grouped
individual drugs by mechanisms of action (Table 1). We
removed the very small number of prescriptions that
were missing drug and schedule information (coded as
“unspecified”). We aggregated the prescription data
by county in which the opioid prescription was filled
per month. We obtained the data based on the county
of the dispensing pharmacy rather than the zip code
of the patient’s home address because patient zip code
data were often incorrectly entered at the pharmacy
level or not entered at all. We assumed that, in most
cases, the patient would fill the prescription in or near
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their residential county, although this necessarily limits
the granularity of conclusions regarding geographic
trends in prescribing habits.
We integrated the PDMP data with demographic
data from the US Census Bureau to explore what
population-level characteristics drive rates of opioid
prescription. We used the US Census Bureau data (9)
to calculate the monthly opioid prescription rates per
capita and their association with economic and ethnic
and racial characteristics within a county.
We used standard linear regression modeling to
understand how the prescribing patterns are changing
with geography and drug type. We predicted per capita
opioid prescription rate with time for each individual
drug schedule or county to find which of these are
changing. When we fit many models to explore which
drugs or counties are changing in prescription rate, we
adjusted P values for multiple comparisons using the
standard Bonferroni correction.
We used multiple linear regression to understand
how prescription rates are associated with these factors. In this case, we fit a single model to all the counties to understand how their characteristics affect the
opioid prescription rate. We explored including and
excluding the various relevant predictors to build the
best explanatory model that can account for the relationships that exist in this integrated PDMP and US
Census Bureau dataset.
The modeling in this article is straightforward
single and multiple linear regression. In all cases, the
predicted quantity is the per capita prescription rate for
controlled substances, a simple continuous variable, so
we used standard linear modeling approaches in R (R
Foundation for Statistical Computing, Vienna, Austria)
with standard statistical cutoffs for significance when
applicable. The analysis for this article was performed
entirely in R using the packages dplyr, tidyr, broom, ggplot2, purrr, readxl, googlesheets, lubridate, sf, viridis,
and huxtable. US Census Bureau data were accessed
using the R package tidycensus.

Results
The median number of controlled substance pills
prescribed per month between April 2015 and May
2018 was 200 million. The number of pills changed at
approximately –0.00751% per month, or a 0.090% decrease per year. This change/decrease is lower than the
rate of growth of the Texas population, estimated by
the US Census Bureau at approximately 1.4% annually
(10).

www.painphysicianjournal.com

Population Analysis of Opioid Prescribing Habits

Table 1 shows the proportion of total pills prescribed in the top 10 drug categories. We found that
schedule IV drugs accounted for the most doses prescribed, with schedule II drugs close behind, and both
are decreasing in prescribing prevalence (P < 0.005). The
decrease is noticeable near the beginning of 2017 (Fig.
1). The most commonly prescribed drugs that exhibited
significant change in prescribing volume are amphetamines (increasing) and barbiturates (decreasing).
Figure 2 demonstrates that there is significant geographic variation in the median monthly opioid pills
prescribed per capita. For example, the opioid prescription
rate in Tarrant County (the third most populous county) is
almost 40% higher than the rate in Harris County (the most
populous county). There are low rates in the far southern
part of the state (i.e., the Rio Grande Valley) and high rates
in northern and eastern counties. This geographic variation in opioid prescription rate has strong relationships
with race and ethnicity. Most counties in Texas are either
majority white or majority Hispanic, and the proportion
of white residents within a county correlate with a higher
median monthly opioid prescription rate.

We created multiple linear regression models to
predict the median monthly per capita prescriptions
with predictors including race, income, time, and total population to understand the influence of each of
Table 1. Top 10 drug categories for controlled prescriptions in
Texas from April 2015 and May 2018.

Drug

Total Pills over this
Time Period (%)

Opioid

55.9%

Benzodiazepine

19.3%

Amphetamine

11.1%

Sedative

3.8%

GABA receptor agonist

3.8%

Barbiturate

2.1%

Anabolic steroid

1.3%

Stimulant

1.0%

Anticonvulsant

0.6%

Nonbenzodiazepine hypnotic

0.5%

Abbreviations: GABA, gamma aminobutyric acid

Fig. 1. Controlled substance prescriptions by schedule. Linear modeling indicates that the decreases for schedules II and IV
starting at the beginning of 2017 are statistically significant at the P < 0.005 level.
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Fig. 2. Mapping controlled substance prescriptions across Texas. The prescription rate was higher overall before 2017, and rates
are higher in northern and eastern counties where the white proportion of population is higher.

these factors. We found that there is no clear relationship between median household income by county (11)
and prescriptions alone. Using this explanatory model,
we found that opioid prescriptions were higher before
2017, in more populous counties (on a logarithmic
scale), counties with predominantly white population,
and poorer counties. When controlling for county
population, the effects from low income and white
population become stronger. When we do not account
for ethnicity, there is no significant effect from income
and the model metrics indicate a poor fit.
Model metrics such as adjusted R2 and log likelihood indicate that the model including income, percent
white population, time, and total population on a log
scale provides the most explanatory power for opioid
prescriptions (Table 2). Using the proportion of population that is Hispanic gives a model that is similarly
explanatory, but opposite in effect. That is, increasing
percent Hispanic population within a county is associated with lower opioid prescribing rates. Effects with
black and Asian ethnicity are not clear with this dataset.
Overall, the R2 of these models is not extremely high
(the best model has an adjusted R2 of 0.36) because
these models are estimating population-level characteristics and there is significant county-to-county varia-
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tion that is not explained by these 4 predictors alone.
However, the population-level trends are statistically
significant and with the effect sizes at the levels shown
here.
We can more directly explore the factors involved
in this explanatory model (income, ethnicity, time)
visually in Fig. 3. This plot illustrates the relationship
between white population percentage and income,
and how that has changed with time. The first effect
to notice is that the greater the white population in a
county the higher the rate of opioid prescriptions. This
is true both before and after 2017, and for both lowincome and high-income groups. The second effect is
to compare the slopes of the 2 lines. Before 2017, the
slope was shallower for higher income counties (above
the median in Texas), but the slope was steeper (i.e.,
the increase in prescription rate with white percentage was more dramatic) in the lower income counties (below the median in Texas). For 2017 and later,
there is no longer a noticeable difference between
low-income and high-income counties, although the
trend with white population remains. Therefore at the
county level in Texas, opioid prescriptions are associated mainly with an increasing proportion of white
residents; before 2017, this correlation was stronger
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Table 2. Model 4 is the best fit to the data for predicting per capita prescription rate and includes income (scaled by $100,000), the
proportion of white population, time (2017 and later vs. before 2017), and the total population on a logarithmic scale.

(1)
(Intercept)
Income (per $100K)
White %

(2)

5.674*

6.503*

8.017*

3.244*

(0.518)

(0.837)

(0.769)

–3.285**

–3.302*

–0.439

–5.046*

(1.040)

(0.984)

(1.145)

(1.005)

7.053*

7.066*

(0.554)

507

7.786*

(0.524)

(0.525)

–1.655*

–1.644*

–1.653*

(0.213)

(0.248)

(0.207)

log(TotalPop)

R2

(4)

(0.536)

2017 and later

N

(3)

507

0.131

0.372*

(0.077)

(0.066)

507

507

0.243

0.324

0.085

0.364

logLik

–1190.314

–1161.676

–1238.385

–1146.313

AIC

2388.629

2333.352

2486.769

2304.626

Abbreviation: AIC, XXXX.{AU: Please provide spell out of AIC}
*P < 0.001.
**P < 0.01.
***P < 0.05.{AU: Please note that symbols * and *** were switched, but there is no indication for *** in the Table

Fig. 3. How population, income, and controlled substance usage are related. The more predominant a white population is in a
county, the higher the rate of controlled substance prescriptions there.
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when the typical income of a population was below
the median.

Discussion
Our study revealed a strong positive correlation in
opioid prescription rates in counties with higher white
population density. Alternatively, there was a strong
negative correlation in opioid prescription rates in
counties with higher Hispanic population density. Our
analysis clearly demonstrates that there is an ethnic
disparity or difference in opioid prescription rates,
although ethnicity as the causative factor for this difference per se cannot be addressed directly. The relationship between income levels and opioid prescription
rates did not hold when ethnicity was not considered.
Of note, no counties in Texas have a majority black or
majority Asian population, so our evaluation cannot
provide insight for these racial and ethnic populations.
Although disparity has been shown to exist
throughout the health care spectrum, the treatment
of pain has unique challenges that may contribute to
these disparities. Pain is, by definition, subjective in
both its experience and, to a large degree, in evaluation. Ubiquitous use of self-reported numeric pain
scales to give a single, objective-appearing metric on
what is, at its core, a subjective biopsychosocial experience has resulted in a lack of trust of such scales by
health care providers (12). Thus self-report of increasing
levels of pain, especially in the setting of limited objective evidence to support such self-report, often leads
health care providers to fall back on heuristic or stereotype-based decision processes (13). This introduces the
potential for implicit bias, one’s unconscious attitudes
and beliefs toward others, to shape the decision process
and has been implicated as one influence on racial and
ethnic disparities in analgesic prescribing (14). Other
investigators have shown that educational efforts that
draw attention to the presence of these often unnamed, and therefore invisible, biases can help to ameliorate their deleterious effects (15-17). Additionally, a
study assessing the influence of ethnicity on prescribing
habits in the emergency department (ED), albeit using
responses to clinical vignettes and not actual prescribing data, found that the observed difference between
ethnic groups may have less to do with ethnicity per
se, but based on the presence or absence of desirable
social traits, such as indicators of higher socioeconomic
status, role demands, and a relationship with a primary
care provider (18). A retrospective study found that
although both black and white patients were given
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analgesics of some sort for various painful conditions
in an ED setting, white patients were more likely to be
prescribed an opioid for low back pain, although this
disparity was not observed for long bone fractures or
migraines (14).
One other potential source of the observed disparity in opioid prescribing between white and Hispanic
populations is language. The lowest observed per capita opioid prescribing rates were in counties with the
highest Hispanic populations and in the Texas counties along the US–Mexico border. Although beyond
the scope of our analysis, it is reasonable to suppose
that a language barrier between patient and provider
was more common in this population and geographic
area. Other studies have found that language barriers
are a common source of disparity in health care access
(19,20). Finally, factors such as sociological or cultural
differences in pain perception and communication
behaviors with health care providers could impact the
observed disparities (21).
The relationship between the apparent disparity
in analgesic prescribing and how minority communities
have been impacted by the opioid epidemic is complex.
Several studies using alternative data sources have corroborated our findings of lower opioid prescribing rates
in non-white populations (21-26), although one study
did find higher opioid prescribing in non-white and rural populations (27). One study showed higher rates of
disorders related to opioid abuse and dependence (e.g.,
alcohol abuse, benzodiazepine use, affective disorders,
sleep disorders) in white populations compared with
non-white populations, yet simultaneously higher rates
of opioid adverse effects and accidental poisonings in
non-white populations (21). Also, hospitalizations for
opioid and heroin poisoning were shown to be more
likely in lower-income white populations (28). Lower
income may also be a risk factor for opioid intoxication
(21) and poisoning (29). Additionally, low-income rural
populations showed that a co-diagnosis of depression
more than tripled the likelihood that a patient would
also have a prescription for opioids (30). Whether this
effect was owing to elevated depression in chronic
nonmalignant pain or other factors, such as “chemical
coping,” were not addressed. It is unclear whether such
a relationship exists in higher income or urban and
suburban populations but warrants further study as
potential contributing factors. Furthermore, opioid-related mortality from the mid-1990s to 2010 was largely
driven by growth in prescription opioid use among
white populations (31). In recent years, although the
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growth in opioid abuse has mostly been due to significant growth in heroin abuse, 90% of new heroin users
over the past decade have been white and tended to
switch from prescription opioid use to heroin owing to
increased availability and lower cost (32). Also, since
2010, there has been increased opioid-related mortality
specifically attributable to heroin and synthetic opioid
(e.g., fentanyl) use that is correlated with prior use of
prescription opioids (33). Therefore although the racial
and ethnic disparity in opioid prescribing may have
been detrimental to the treatment of pain in non-white
populations, it also appears to have had an unintended
sparing effect on these populations in regard to the
relative impact of both prescription opioid and heroin
abuse and resulting morbidity and mortality.
The decrease in opioid prescriptions in 2017
noted in our study has also been noted in nationwide
analysis of opioid prescriptions, which noted an overall
decrease of 8.9% from 2016 to 2017, and a decrease
of 22.2% from 2013 to 2017 (34). In the current study,
opioids tracked in the Texas PDMP decreased overall
by 4.7% from 2016 to 2017, whereas schedule IV drugs
decreased the most and accounted for most of the drop
in Texas, decreasing by over 11%. The reason for such
a rapid drop in opioid prescriptions is unclear, but it is
likely multifactorial. The possible factors include the
growing national awareness of the severity of opioidrelated overdoses (35), increase in grant programs (36),
increase use of PDMPs by health care providers (37),
and efforts by licensing agencies (e.g., Texas Medical
Board) (36), and state legislators (38).
This study has some limitations. We could not obtain geographic granularity beyond the county level
(e.g., zip codes of recipients) because of inadequate
documentation at the pharmacy level. Although still
yielding valuable data, this does place a firm lower limit
on the geographic analytic capabilities of our evaluation, an effect that would be most noticeable in higher
density population centers. Also, the PDMP database
does not include nonprescribed controlled substances
or illicit drugs with similar mechanisms of action (e.g.,
heroin), so our analysis gives an incomplete picture
of the full spectrum of illicit drugs, opioids, or other
controlled substance use in the population because
we cannot account for diversion after a prescription
is given to a patient, diversion from outside Texas, or
illicit drug use. Furthermore, a small subset of pharmacies are exempt from reporting to the Texas PDMP, such
as Veterans’ Affairs pharmacies and methadone clinics.
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We also would like to have been able to analyze data
on prescribing habits based on physician specialty, but
this specific variable is not captured by the Texas PDMP.
Finally, we assessed PDMP data from Texas, but not from
other states. Each state maintains a separate PDMP,
and access is often limited to licensed providers in that
state. These barriers therefore limit access to broader
PDMP data, so larger studies involving multiple states
are difficult to pursue. It is also difficult to gain access
to data over longer time frames depending on state
laws mandating maintenance of PDMP data. In Texas,
for instance, the PDMP data must be maintained for 3
years according to legislative mandate, but beyond that
time frame it may be lost, as funding does not cover
database storage and maintenance. This perhaps unintended consequence of the legislative mandate limits
the ability of public health experts and policy makers
to gain a wider perspective of the role of prescribed
controlled substances in the larger opioid epidemic
over broader time frames, and thus limits the ability to
assess the long-term effects of policy changes.

Conclusions
In conclusion, analysis of the Texas PDMP showed
that there is a strong geographic trend in controlled
substance prescribing across the state of Texas. This
trend is driven by county-level ethnic variations, namely
that as the proportion of white residents increases in
a county so does the rate of opioid prescribing. In addition, although income does not correlate with prescribing rates at a population level, prescribing rates
increase faster as median-income white population
density compared with greater high-income white population density; this result was most clear for pre-2017
data. Public health experts and policy makers should
take note of these trends when crafting interventions
to combat the opioid epidemic.
Future research should focus on confirming the
observed relationship in other populations over greater
time periods. We suggest that PDMP data be maintained
in perpetuity so that long-term analysis is possible to
assess the efficacy of public health interventions over
longer time frames. In addition, a national PDMP, or
at least interoperability between states’ PDMPs, would
allow nationwide population-level trends to be evaluated, and would especially benefit physicians practicing along state borders to more effectively assess for
aberrant controlled substance procurement behaviors
in bordering states.
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