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BACKGROUND: Missed appointments diminish the con-
tinuity and quality of care.
OBJECTIVE: To determine whether missing scheduled
appointments is associated with characteristics of the
populations in places where patients reside.
DESIGN: Retrospective cross-sectional study using data
extracted from electronic health records linked to popula-
tion descriptors for each patient’s census tract of
residence.
PATIENTS: A total of 58,981 patients ≥18 years of age
with 275,682 scheduled appointments during 2014–
2015 at a multispecialty outpatient practice.
MAIN MEASURES: We used multinomial generalized lin-
ear mixed models to examine associations between the
outcomes of scheduled appointments (arrived, canceled,
or missed) and selected characteristics of the populations
in patients’ census tracts of residence (racial/ethnic seg-
regation based on population composition, levels of pov-
erty, violent crime, and perceived safety and social capi-
tal), controlling for patients’ age, gender, type of insur-
ance, and type of clinic service.
KEY RESULTS: Overall, 17.5% of appointments were
missed. For appointments among patients residing in
census tracts in the highest versus lowest quartile for
each population metric, adjusted odds ratios (aORs) for
missed appointmentswere 1.27 (CI 1.19, 1.35) for the rate
of violent crime, 1.27 (CI 1.20, 1.34) for the proportion
Hispanic, 1.19 (CI 1.12, 1.27) for the proportion living in
poverty, 1.13 (CI 1.05, 1.20) for the proportion of the
census tract population that was Black, and 1.06 (CI
1.01, 1.11 for perceived neighborhood safety.
CONCLUSIONS: Characteristics of the places where
patients reside are associated with missing scheduled
appointments, including high levels of racial/ethnic seg-
regation, poverty, and violent crime and low levels of per-
ceived neighborhood safety. As such, targeting efforts to
improve access for patients living in such neighborhoods
will be particularly important to address underlying social
determinants of access to health care.
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INTRODUCTION

Missed patient appointments decrease continuity of care, prac-
tice revenue, provider productivity, quality of care, and
achievement of clinical performance targets.1–6 Missed
appointments are also associated with increased use of emer-
gency departments, increased health-care costs, decreased pa-
tient satisfaction, difficulties in arriving at optimal staffing
levels, and worse clinical outcomes.2,7 A growing body of
research aims to improve prediction of patient characteristics
and clinic procedures associated with missing appointments,
in order to inform interventions that might improve appoint-
ment keeping. In a systematic review of studies that examined
the prediction of missed appointment rates in primary and
specialty care settings, among 32 reports published between
2010 and 2020, the median of observed proportions of sched-
uled appointments that were missed was 18% and ranged from
6 to 45%.8 That same review identified nearly 40 features
related to patient demographics, medical history, appointment
details, and past appointment attendance that have been stud-
ied.8 Long intervals between the times that appointments are
requested and scheduled and patients’ prior history of missing
appointments are among the strongest predictors of missed
appointments.9–11 Other predictors include young age, being
uninsured or having public as opposed to private insurance,
low socioeconomic status, long distances between places of
residence and clinics, and being of Black/African American or
Hispanic race/ethnicity.12–14

Among factors associated with missed appointments that
have been catalogued in recent reviews, including predictive
modeling studies, the characteristics of neighborhoods where
patients reside have not been listed,8,9 despite growing atten-
tion to associations between neighborhood attributes and
health. Residential segregation by race and ethnicity and re-
lated inequities in levels of poverty, perceived neighborhood
safety, social cohesion, and violence are associated with
heightened stress and risks for chronic diseases and mental
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health problems, including depression and related symp-
toms.15 Given these effects, we posit that by incorporating
neighborhood characteristics into assessments of risks for
missing appointments, we can add an additional element to
the predictive modeling approach. This consideration parallels
growing national attention to social determinants of health as
part of efforts to improve the quality and outcomes of health
care, including efforts to expand screening for such determi-
nants and standardize their recording in electronic health
records.16,17 Social determinants of health cluster in neighbor-
hoods,15 and associations between neighborhood character-
istics and health, have been observed for multiple conditions
where outcomes depend heavily on patient adherence to
health-care recommendations, such as diabetes and hyperten-
sion control18,19 and colorectal cancer screening.20 It follows
that neighborhood characteristics might also affect adherence
to appointment schedules.

METHODS

We extracted patient-level data from the practice management
system for a multispecialty adult practice at the Drexel Uni-
versity College of Medicine for 97,152 patients with sched-
uled appointments at internal medicine and related specialty
clinics from January 1, 2014, through December 31, 2015. For
each patient, we extracted data on self-reported race/ethnicity
(non-Hispanic White, non-Hispanic Black/African American,
non-Hispanic Asian [subsequently referred to asWhite, Black,
or Asian, respectively, for brevity], Hispanic, other/unknown);
age as of January 1, 2014; gender (male, female, in transition,
unspecified); type of health insurance (private, Medicare,
Medicare Advantage, Medicaid, Medicaid mental health cov-
erage [administered separately from general Medicaid cover-
age in Pennsylvania], uninsured/self-insured/unspecified); and
address of residence. For each scheduled appointment, we
extracted data on the clinic service for which the appointment
was made, including cardiology, family medicine, internal
medicine, dermatology, endocrinology, hematology/oncolo-
gy, infectious diseases, nephrology, neurology, pulmonary,
radiation oncology, rheumatology, gastroenterology/hepatol-
ogy, sleep medicine, sports medicine, travel medicine, or
unspecified. We classified appointment outcomes into four
categories: patient arrived for the scheduled appointment (ar-
rived), patient canceled the appointment prior to the scheduled
date (canceled), clinic staff canceled the appointment (staff-
canceled), or patient did not arrive for a scheduled appoint-
ment or canceled on the scheduled date (missed).
We used ArcGIS 10.5 (Esri) with the Business Analyst

2016 Composite Address Locator to automatically geocode
patient addresses.21 Among 69,054 patients with Philadelphia
addresses, addresses were geocoded and census tracts of res-
idence were assigned for 68,156 (98.7%), among whom >
90% of addresses were geocoded automatically and the re-
mainder geocoded manually. Compared to those for whom the

address was geocoded, patients whose addresses were not
geocoded were less likely to be White (20.2% vs. 29.7%, p
< 0.001), more likely to be covered by Medicaid or be unin-
sured (37.3% vs. 30.1%, p < 0.0001), but did not differ
significantly by gender. Records available to us did not in-
clude information on housing status. It is possible that some
patients with insecure housing provided a temporary address
that was geocoded and that others were among those without a
geocoded address.
Because of our interest in whether patients arrived, can-

celed, or missed their appointments, we excluded those whose
appointments were canceled by clinic staff. Given our interest
in adult internal medicine and related services, we excluded
appointments among those < 18 years of age. Because of the
small number of patients whose gender was recorded as “in
transition” or unspecified, we excluded those whose gender
was not listed as male or female. To focus on adult patients
with typical patterns of periodic or episodic health-care use,
we excluded those with > 20 scheduled appointments during
the study period, such as patients receiving weekly treatments
for extended periods. This cut-point was based on the bi-
modal distribution of numbers of scheduled appointments
per patient. The 4480 patients excluded for this reason repre-
sented 7.1% of patients prior to this exclusion step and had
35.4 scheduled appointments per patient, compared to 4.9
scheduled appointments per patient among remaining patients.
Lastly, we excluded 3 scheduled appointments for which the
practice management system did not specify the specialty for
the scheduled visit. The effect of each of these exclusions on
the number of study patients and scheduled appointments is
summarized in Table 1. This resulted in a final study popula-
tion of 58,981 patients with 275,682 scheduled appointments.
The median number of scheduled appointments per patient
was 3 (interquartile range [IQR], 1–6), and patients with one,
2–5, and 6–20 scheduled appointments accounted for 28.0%,
42.5%, and 29.5% total appointments, respectively.
For each patient, we obtained data that described the pop-

ulation living in their census tract of residence using multiple
sources collated by the Drexel University Urban Health Col-
laborative.22 This included the percentages who were Black or
Hispanic, measures that correlate strongly with racial/ethnic
segregation in Philadelphia and that we considered as a proxy
for racial/ethnic segregation. For example, compared to a
segregation index that takes into account the racial/ethnic
distribution of the population in a census tract and its sur-
rounding tracts (i.e., a census tract with a high proportion of
Black residents that is surrounded by census tracts with a high
proportion of Black residents would have a high segregation
index),23 the Pearson correlation coefficient between the Black
segregation index and percentage of the population in the tract
that is Black is 0.95; the corresponding correlation for the
Hispanic segregation index and Hispanic population propor-
tion is 0.94. Other census tract measures were the percentage
living below the federally defined poverty threshold, based on
5-year estimates for 2011–2015 from the American
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Community Survey;24 and rates of violent crime (homicides,
rapes, aggravated assaults, robberies, other assaults) per
10,000 population, as recorded by the Philadelphia Police
Department for 2014–2015.25,26 Because perceived neighbor-
hood safety and objectively measured crime rates are generally
not correlated,27,28 we considered the percentage of census
tract residents who perceived their neighborhoods as safe,
derived from the 2012 Southeastern Pennsylvania Household
Health Survey as previously described.21,29,30 Perceived
neighborhood safety was based on responses to 2 questions:
(1) “In the past month, did you not go someplace during the
day because you felt you would not be safe?” and (2) “Is there
a park or other outdoor space in your neighborhood that you’re
comfortable visiting during the day?” Those who responded
“no” to the first question and “yes” to the second were classi-
fied as perceiving that their neighborhoods were safe; those
who responded “yes” to the first question or “no” to the second
were classified as not perceiving that their neighborhood was
safe. Lastly, we included a measure of perceived social capital
(range = 0 to 3), similarly derived from the same survey, based
the average of responses to 3 questions scored using a zero
(never) to 3 (always) scale: (1) “How likely are people in your
neighborhood willing to help their neighbors?” (2)
“Most people in my neighborhood can be trusted.” (3)
“I feel that I belong and am a part of my neighbor-
hood.” In preliminary analyses, we considered composite
measures of social vulnerability but opted to focus on
specific rather than summary measures.
With the exception of Table 2, which describes the charac-

teristics of study patients and the census tracts where they
resided, our unit of analysis was scheduled appointments.
For each scheduled appointment, we considered information
about the type of clinic where the appointment was scheduled;
the patient’s individual characteristics (age, gender, race/eth-
nicity, type of health insurance), subsequently labeled as “per-
sonal characteristics;” and characteristics of the population in
the census tract where the patient resided (levels of racial/
ethnic segregation as reflected by racial/ethnic composition,
poverty, violent crime, perceived neighborhood safety, per-
ceived neighborhood social capital), subsequently referred to
as “census tract characteristics.”

We first examined univariate associations between appoint-
ment outcomes and patient characteristics and census tract char-
acteristics, using chi-square tests. We then constructed a series of
multinomial generalized linear mixed (GLM) models to estimate
adjusted odds ratios for associations between appointment out-
comes and various combinations of patient and census tract
characteristics. We attempted to conduct multi-level models by
including separate random effects for both patient and census
tract, but due to computational limitations, we were unable to
successfully run these models. Because the within-person corre-
lation of visits was higher than the between-person correlation
within census tract, we chose to include a random effect for
patient nested within census tract to best account for the correla-
tion in the finalmodel. In sensitivity analyses, the fixed effects for
the neighborhood attributes were similar for models with only a
census-tract-level random effect (assuming independence within
person) and our final models with the random effect of patient
nested in census tract. In our final model, for each scheduled visit
we included the patient’s gender (male, female); age group (18–
25, 26–50, 51–64, 65–74, 75+); race/ethnicity (White, Black,
Asian, Hispanic, other/unknown); clinic type where the appoint-
ment was scheduled; and insurance status (private, Medicare,
Medicare Advantage, Medicaid, Medicaid mental health, unin-
sured/self-insured/unspecified), and the census tract characteris-
tics. Census tracts were categorized by quartiles for violent crime
rates per 10,000 population; the percentages of the census tract
populations that were Black, Hispanic, living in poverty, and
perceived their neighborhood as safe; and the average social
capital index. Because census tract characteristics had low to
moderate correlation with one another (range of correlation coef-
ficients, 0.36–0.53), we included all in the same model. In
addition, we examined each census tract characteristic individu-
ally in a separate model as a sensitivity test. Additional sensitivity
testing included a model that removed the exclusion for patients
with > 20 scheduled appointments during the study period.
SAS (v9.4) was used for statistical analyses. All statistical

tests are 2-tailed, and odds ratio estimates are shown with 95%
confidence intervals. We considered statistical tests to be
statistically significant when p values were < 0.05, and we
considered odds ratios with CIs that did not include 1.0 to be
different from 1.0.

Table 1 Numbers of Excluded Patients and Scheduled Appointments

Excluded Remaining

Number of patients Number of scheduled
appointments

Number
of patients

Number of scheduled
appointments

Philadelphia residents 69,054 474,157
Exclusion criteria
Unable to geocode place of residence 898 5279 68,156 468,878
Visits canceled by clinic staff 673 8744 67,483 460,134
Age < 18 years 4019 11,429 63,464 448,705
Gender not specified as male or female 3 126 63,461 448,579
Clinic specialty type not specified 0 3 63,461 448,576
Patients with > 20 visits during study period 4480 158,724 58,981 289,852
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The study was reviewed and approved by the Drexel Uni-
versity Institutional Review Board.

RESULTS

Among the 58,981 Philadelphia residents included in the study
population (Table 2), 59% were female, the mean age was 44
years, 43% were Black, and 31% were White. Private insur-
ance was the most common form of health insurance (48%),
followed by Medicaid (28%). Members of the study popula-
tion resided in 379 Philadelphia census tracts, including 376
tracts with 10 or more study residents. Among populations in
the census tracts where patients resided, the median percentage
of residents who were Black was 32% (interquartile range
[IQR], 10–81%), Hispanic 5% (IQR, 3–11%), and living
below the federal poverty level 29% (IQR, 15–41%)
(Table 2). The median social capital index was 1.8 (IQR,
1.7–1.9), and the median percentage who perceived their
neighborhood as safe was 91% (IQR, 83–94%) (Table 2).
Overall, 17.5% of 275,682 scheduled appointments resulted

in a missed appointment, 25.3% in cancelation, and 57.3% in
an arrival. In unadjusted univariate comparisons, cancelation
rates generally varied less by patient and census tract charac-
teristics than missed appointment rates, Figures 1 and 2, with
the exception that cancelation rates increased with increasing
age across all age groups while missed appointment rates
declined with increasing age among those > 25 years of age
(Fig. 1). Missed appointment rates were higher among Black

and Hispanic patients and those with other/unknown race/-
ethnicity than amongWhite or Asian patients and among those
insured by Medicaid or uninsured than those covered by
private insurance or Medicare (Fig. 1). In examining missed
appointment rates by census tract characteristics, missed ap-
pointment rates were highest among patients residing in cen-
sus tracts with the highest proportions of Hispanic and Black
residents, the highest proportions of residents living in pover-
ty, the highest rates of violent crime, the lowest levels of
perceived social capital, and the lowest proportions of resi-
dents who perceived their neighborhoods as safe (Fig. 2).
In the final GLM model, which examined clinic type and

personal and census tract characteristics simultaneously, pat-
terns of associations between appointment outcomes and pa-
tient characteristics generally paralleled those observed in the
unadjusted univariate analysis, with the exception that patients
18–25 years of age had the highest odds of missing appoint-
ments relative to those 26–50 years of age (aOR = 1.06, 95%
CI = 1.01, 1.11) (Supplement Table 1). Appointments among
those living in census tracts in the second to fourth quartiles
for successively higher levels of violent crime and poverty had
successively higher odds of being missed relative to appoint-
ments for those living in the lowest quartile census tracts for
these indices (Fig. 3 and Supplement Table 1). For appoint-
ments among those living in census tracts with different pro-
portions of Black residents, the aOR was significantly > 1.0
only for those living in tracts in the highest versus lowest
quartile (Fig. 3 and Supplement Table 1). Appointments
among those living in census tracts in the 3rd and 4th highest
quartiles for percentages of Hispanic residents had the higher
odds for resulting in a missed appointment than those among
patients living in tracts in the lowest quartile for percentage of
Hispanic residents (Fig. 3 and Supplement Table 1). Adjusted
ORs for missed and canceled appointments for all variables in
the final model, including clinic type, are available in Supple-
ment Table 1.
Final model associations between missed appointments and

poverty level, violent crime rates, and perceived neighborhood
safety were attenuated relative to associations observed in sen-
sitivity testing that examined each census tract characteristic
individually in separate models (Supplement Table 2). The
association between missed appointments and perceived neigh-
borhood social capital was statistically significant in the single-
variable model (Supplement Table 2) but not for all levels of
perceived neighborhood safety in the full model (Fig. 3 and
Supplement Table 1). In the single-variable model, the associa-
tion with the percentage of the census tract population that was
Black was statistically significant for the 2nd–4th quartiles rela-
tive to the lowest-level quartile (lowest percentage Black), but
was attenuated in the full model such that only the highest
quartile (highest percent Black) showed a statistically significant
difference from the lowest quartile (Supplement Table 2).
A model that removed the exclusion for patients with
> 20 visits during the study period did not yield sub-
stantially different conclusions (Supplement Table 3).

Table 2 Characteristics of Study Patients and the Census Tracts
Where They Resided

Number of patients 58,981

Personal characteristics
Female (percentage) 58.7
Years of age, mean (SD) 43.6 (17.9)
Race/ethnicity (percentage)
Asian 6.2
Black 42.6
Hispanic 7.9
White 30.7
Other/unknown 12.6
Insurance (percentage)
Commercial 48.1
Medicaid 28.0
Medicare 9.9
Medicare Advantage 8.5
Medicaid mental health 3.4
Uninsured/self-insured/unspecified 2.0
Number of census tracts 379
Characteristics of populations in patients’ census tracts of residence:*
Percentage non-Hispanic White, median (IQR) 25.5 (5.3, 64.0)
Percentage Hispanic, median (IQR) 5.3 (2.7, 10.9)
Percentage Black, median (IQR) 32.5 (9.6, 80.9)
Percentage non-Hispanic Asian, median (IQR) 3.8 (1.0, 9.4)
Percentage living below federal poverty level,
median (IQR)

29.0 (15.4,
40.9)

Violent crimes per 10,000 population, median
(IQR)

235.6 (135.4,
397.8)

Social capital index,† median (IQR) 1.8 (1.7, 1.9)
Percentage who perceived their neighborhood as
safe, median (IQR)

90.6 (82.7,
94.3)

*Median and interquartile (q1, q3) range (IQR) for census tracts
†0 = lowest social capital, 3 = highest social capital
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DISCUSSION

Among scheduled appointments for patients receiving care at
clinics affiliated with an urban, university health-care system,
living in census tracts with higher levels of racial/ethnic seg-
regation, poverty, and violent crime and lower levels of per-
ceived neighborhood safety was associated with missing
appointments.
Our findings are consistent with those of prior studies that

have correlated residence in racially, and to a lesser extent
ethnically, segregated neighborhoods with worse physical and
mental health outcomes.31–37 Racial and ethnic residential

segregation in the USA reflects the cumulative effects of
decades of federal, state, and local policies and law enforce-
ment practices that explicitly or implicitly sought to exclude
Black Americans from opportunities in home ownership,
which reflected overtly racist positions and institutionalized
racism, and which adversely affected opportunities for em-
ployment and wealth accumulation.38 The consequences in-
clude adverse health effects arising from interacting effects of
poverty, violence, and stress.15 Exactly how neighborhood
attributes such as segregation, crime, poverty, and perceived
safety act to affect whether patients will attend scheduled
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appointments cannot be assessed from our study. Tung et al.
draw upon social deprivation theory to posit that the social
environment including racial segregation, demographics, and
features of the built environment interact to constrain “health-
enabling resources.”39 In all likelihood, census tract popula-
tion characteristics associated with missed appointments pres-
ent or reflect stressors that can disrupt patients’ daily routines
and interfere with, distract from, or complicate appointment
keeping. This is consistent with prior observations that living
in racially segregated neighborhoods in Philadelphia is asso-
ciated with not being up to date with recommended colorectal
cancer screening, which requires special scheduling and prep-
aration, and with poor control of diabetes and hypertension,
which requires sustained attention to self-management.20,21

Our findings suggest that interventions aimed at reducing
missed appointments that focus on outreach to individual
patients might overlook a broader context of neighborhood
factors that affect appointment keeping, indicating the need
for a more community-oriented approach to reducing
missed appointments. Interventions have included texting
reminders, shorter lead times for appointments, offering
incentives, offering free ride share services, and substituting
telemedicine visits for in person visits. 40–42 with varying
levels of success. Additional consideration of the circum-
stances in neighborhoods where residents have higher levels
of missed appointments might allow for more effective
promotion of these approaches at community levels. For
example, the engagement of community health workers,
who are often members of the neighborhoods they serve
and can reach patients where they live, is an effective

approach in improving adherence to cancer screening rec-
ommendations, cardiovascular disease and diabetes preven-
tion, and diabetes self-management 43 and might play an
important role in improving appointment keeping more
broadly. Additional alternative approaches might include
the use of telemedicine visits,44 mobile health clinics, or
allowing walk-in appointments for those who have missed
scheduled appointments to mitigate the higher rates of
missed appointments in some neighborhoods.
Our study has multiple limitations. It was conducted at a

single multispecialty institution in Philadelphia, a city with
high levels of poverty relative to other comparably sized or
larger cities, and our experience might not be applicable
elsewhere. We have a robust registry of neighborhood char-
acteristics 26 that may not be available in other settings. There
was a substantial proportion of patients whose race/ethnicity
was classified as unknown/other, which might have occurred
because patients did not identify as members of a single race or
ethnic group or opted not to provide this information or
because clinic staff did not record this information at the point
of care. Resulting misclassification of race/ethnicity might
have affected observed associations between race/ethnicity
and appointment outcomes but is unlikely to have affected
observed associations with neighborhood characteristics.
Since this study was conducted, the large hospital that former-
ly provided inpatient care services for the population served by
our clinics and where many of the clinicians employed by our
clinics also provided inpatient care closed.45 Downstream
consequences included the closure or relocation of multiple
outpatient services represented in our study, obviating

Cancelled vs. Arrived Missed vs. Arrived

Adjusted odds ratios

Figure 3 Adjusted odds ratios for attributes of the populations in census tracts where patients with study appointments resided, by quartile, for
missed and canceled appointments relative to kept (arrived) appointments.
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opportunities for follow-up studies or missed appointment
prevention interventions at our study site.
In conclusion, characteristics of the populations in census

tracts where patients reside were associated with missing
scheduled clinic appointments, after taking into account per-
sonal characteristics that are also associated with missing
appointments. This likely reflects an unmeasured mix of fac-
tors that interferes with appointment keeping. To date, efforts
to reduce missed appointments have been targeted to individ-
ual patients with personal characteristics associated with
higher levels of not keeping appointments. Our findings sug-
gest that community-level interventions geared to the situa-
tions of patients living in neighborhoods with high levels of
missed appointments might augment current intervention
strategies.

Supplementary Information The online version contains supple-
mentary material available at https://doi.org/10.1007/s11606-021-
06935-x
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