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BACKGROUND AND OBJECTIVES: Missed appointments represent a signifi-
cant challenge to the efficient and effective provision of care in the outpatient
setting. High no-show rates result in ineffective use of human resources and
contribute to loss of follow-up. Shade Tree Clinic (STC) is a student-run, com-
prehensive primary care clinic that serves more than 350 Middle Tennessee
residents. This study aimed to use available data to predict no-shows to im-
prove clinic efficiency and service quality.

METHODS: Data were pulled from clinic scheduling software for all appoint-
ments at STC between January 1, 2010 and December 31, 2015. Weather
data were added for each appointment date using an online database. Mul-
tivariable logistic regression was used to create models from these histori-
cal data.

RESULTS: A total of 13,499 appointments were included with an overall
show rate of 69.2%. The final model contained previous show rate (OR 1.063;
P<.001), day of the week (OR 1.20; P<.001), automated reminder (OR 1.40;
P<.001), snow in inches (OR .33; P<.001), and high ambient temperature in
degrees (OR 1.01; P<.001). Using a cutoff probability of the 25th percentile,
the model had a negative predictive value of 61.0%.

CONCLUSIONS: Based on readily available data and a novel conceptual
framework, we can identify the quarter of patients least likely to present for
scheduled appointments and target them for interventions, allowing care pro-
viders to more effectively address community health care disparities through
the clinic. This analysis is replicable at any clinic using an electronic medi-
cal record.
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atient no-shows cause admin-
P istrative and financial prob-

lems for outpatient clinics.!?
For example, in 10 outpatient clinics
in the US Veterans Health Admin-
istration system, there was a mean
no-show rate of 18.8% over 12 years,
with an average cost of $196 per
no-show.? High no-show rates also
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negatively impact student and resi-
dent education and productivity.* In
addition, patients’ health suffers, as
they do not receive follow-up.
Previous studies demonstrate that
demographics, previous appoint-
ment keeping, psychosocial factors,
health beliefs, and situational fac-
tors all affect no-shows.>6 Although

we are not aware of any formal con-
ceptual framework for no-shows, re-
views generally break factors into
three categories: patient demograph-
ics, appointment characteristics, and
other factors.>® Based on these stud-
ies, we derived a theoretical concep-
tual framework (Figure 1).

Studies examining ways to reduce
no-shows have found that clinics
that managed no-shows well en-
couraged walk-ins and work-ins and
strategically overbooked schedules.”
Although reminder systems gener-
ally improve attendance,®® this is
not universally true.>*1° Multimod-
al projects to reduce no-shows have
been the most successful.!!

Shade Tree Clinic (STC) is a free,
medical-student-run clinic that
serves patients with limited resourc-
es.1#1* STC serves as a comprehen-
sive primary care provider for more
than 350 uninsured Middle-Tennes-
see residents.

In this study, we sought to devel-
op a model that predicts no-shows
to guide clinic scheduling. We hy-
pothesized that variables available
through the electronic schedule,
when placed in a framework based
on previous literature, could be used
to predict no-shows.
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(Dr Rehman).
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Figure 1: Conceptual Framework for No-shows
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Based on previous studies, we established a theoretical framework of factors affecting no-
shows. These are categorized as patient factors, appointment factors, and environmental
factors. Patient and appointment factors affect each no-show, and they occur within a given
set of environmental factors that change over time.

* Measures readily available in our data set and subsequently used in our analyses.

Methods

Data Set

Data were collected for all avail-
able appointments from scheduling
software (2010 to 2015). Cancelled
and rescheduled appointments were
excluded. Independent variables
were selected based on availability
and applicability to the conceptual
framework (Figure 1). The schedul-
ing software tracked whether the
patient was reminded about the ap-
pointment via an automated voice
call or text message. Appointments
were coded as reminded if the pa-
tient responded they would attend
the appointment. These data were
not collected until 2014, and ap-
pointments before this were cate-
gorized as not reminded. Show rate
was calculated as the proportion of
appointments completed by the pa-
tient prior to the appointment be-
ing analyzed. Data about weather
for each day were taken from an
online database.’® The Institutional
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Review Board at Vanderbilt Univer-
sity deemed this study exempt.

Statistical Analysis

Analyses were conducted using Sta-
ta version 14.1 (StataCorp, College
Station, TX). Multivariable logistic
regression was used to model the
probability of appointment com-
pletion. Show rate for previous ap-
pointments is not always known, so
a model was created with and with-
out this variable.

Results

Demographics

The data included 13,499 appoint-
ments (Table 1). Of these appoint-
ments, 9,347 were completed,
yielding an overall show rate of
69.2%. Women accounted for nearly
twice as many visits as men but had
comparable show rates. Patients who
spoke a language other than English
accounted for 31% of visits.
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Model Without Show Rate

An initial model was built excluding
previous show rate (Table 2). The in-
clusion of gender in the model did
not affect point estimates or signif-
icance and was therefore excluded
from the presented model.

Model With Show Rate

When previous show rate was in-
cluded in the model, all patient fac-
tors from the first model became
insignificant. This suggests that
show rate serves as an aggregate
measure for all patient factors, in-
cluding those captured by our ini-
tial model and other unmeasured
factors. We created a second model
using nonpatient factors and pre-
vious show rate (Table 3). Pseudo
R?increased from 0.0212 to 0.2113,
suggesting a better fit and greater
proportion of variance explained.
A cutoff probability of 0.5 yielded
sensitivity of 89.17% and specific-
ity of 44.10% and correctly classified
75.31% of appointments. A cutoff of
the lowest quartile of probabilities
(P=.548) yielded a negative predic-
tive value of 61.08% out of 3,376 ap-
pointments classified as no-shows.
A cutoff of P=.25 yielded a negative
predictive value of 85.62% for 758
appointments classified as no-shows.

Discussion

This model suggests that variables
collected during clinic operations
can be used to predict appointment
completion. By using a cutoff with a
high negative predictive value, we
can identify patients likely to be no-
shows and target them for interven-
tions.

Our data are consistent with oth-
er studies that have found that de-
mographics and weather can affect
appointment completion.>® A recent
systematic review found just one ar-
ticle finding that weather was associ-
ated with no-shows,'® and six where
it was not.? Our study supports the
common conception that weather af-
fects clinic attendance. Unlike other
studies,>*1° we found that appoint-
ment reminders increased the like-
lihood of appointment completion.
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Table 1: Summary Statistics by Appointment Status

No Show (n=4,152) Completed (n=9,347) P Value
Patient Factors
Show rate (%) 56.45+22.22 78.98+16.91 <.0001
Age (years) 45.97+12.15 47.62+12.33 <.0001
Language <.001
English 3,055 (32.76%) 6,271 (67.24%)
Other 1,097 (26.29%) 3,076 (73.71%)
Gender .982
Female 2,737 (30.76%) 6,162 (69.24%)
Male 1,413 (30.74%) 3,184 (69.26%)
Race .001
African American 1,674 (37.85%) 2,749 (62.15%)
‘f‘;ﬁiﬁ‘;ﬁ“ Indian/Eskimo/Pacific 83 (21.56%) 302 (78.44%)
Asian 110 (25.88%) 315 (74.12%)
Caucasian 1,387 (25.92%) 3,965 (74.08%)
Unknown 898 (30.82%) 2,016 (69.18%)
Nonpatient Factors
Appointment Reminder <.001
Not reminded/confirmed 3,505 (32.42%) 7,307 (67.58%)
Reminded/confirmed 647 (24.08%) 2,040 (75.92%)
Day of Week .001
Saturday 2,468 (31.95%) 5,257 (68.05%)
Tuesday 1,648 (29.17%) 4,090 (70.83%)
Weather
Snow (inches) 0.01+0.096 0.005+0.046 <.001
High temp (F) 69.83+18.22 71.58+17.06 <.0001

Values are counts unless otherwise noted. Percentages are row percentages. Continuous variables are presented as mean + standard deviation.
12 tests were used for categorical variables. ¢ tests were used for all continuous variables except snow in inches, which was significantly skewed.

Wilcoxon rank sum was used for this variable.

This may reflect that our reminder
system actively determines whether
the patient confirmed the appoint-
ment.

Importantly, by using all appoint-
ment data available, we have maxi-
mized the power to detect differences
between groups. Odds ratios must
therefore be interpreted in the con-
text of absolute group differenc-
es. For example, although the odds
ratio for an inch of snow is 0.331,
there is relatively little snow in the
overall dataset and the difference
in snow quantity between no-shows
and completed appointments is not
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large. Based on our analyses, the
odds ratio most useful for predicting
no-shows is that associated with pre-
vious show rate, but the other pre-
sented factors are useful in refining
this prediction.

While our second model is like-
ly to be generalizable to other clin-
ics, models generated using data for
a specific clinic will likely be more
predictive for each particular setting.
Similar models could easily be cre-
ated using data at other clinics.

Our study has several limitations.
First, we were limited to data pres-
ent in the scheduling software. It is

likely that other factors within the
conceptual framework are associat-
ed but were not available. Second,
our second model depends heavily
on previous show rate. This will not
be available for new patients, and
the model that only includes demo-
graphic information performs worse.
Third, our appointment reminder
system was not implemented until
midway through 2014. Coding all
appointments prior to this date as
not reminded is a conservative as-
sumption but likely dilutes the effect
of this variable. Fourth, our clinic is
only open on Tuesday and Saturday.
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Table 2: Model Excluding Show Rate as an Independent Variable

Odds Ratio Std Err 95% Cl P Value
Patient Factors
Age (years) 1.011 0.002 (1.008, 1.014) <.001
Language
English 1 - - -
Other 1.206 0.062 (1.090, 1.333) <.001
Race
African American 1 - - -
American Indian/Eskimo/Pacific Islander 1.81 0.246 (1.386, 2.363) <.001
Asian 1.554 0.186 (1.228, 1.966) <.001
Caucasian 1.633 0.075 (1.493, 1.787) <.001
Unknown 1.265 0.077 (1.122, 1.426) <.001
Nonpatient Factors
Appointment Reminder
Not reminded/confirmed 1 - - -
Reminded/confirmed 1.401 0.071 (1.269, 1.547) <.001
Day of Week
Saturday 1 - - -
Tuesday 1.158 0.045 (1.074, 1.249) <.001
Weather
Snow (inches) 0.418 0.119 (.239, .731) .002
High temp (F) 1.005 0.001 (1.003, 1.008) <.001

The overall model included 13,499 observations and had a pseudo-R? of .0212 and P value of less than .0001. P values for individual variables were
calculated using the Wald test, and the P value for the model was calculated using a y* test. Odds ratios for age are per year, for snow are per inch,

and for high temperature are per degree Fahrenheit.

Table 3: Model Including Show Rate as an Independent Variable

Odds Ratio Std Err 95% ClI P Value
Show rate 1.063 0.001 (1.060, 1.066) <.001
Day of Week
Saturday 1 - - -
Tuesday 1.195 0.052 (1.097, 1.302) <.001
Appointment Reminder
Not reminded/confirmed 1 - - -
Reminded/confirmed 14 0.078 (1.256, 1.562) <.001
Weather
Snow (inches) 0.331 0.104 (.179, .613) <.001
High temp (F) 1.006 0.001 (1.003, 1.008) <.001

The model included 13,499 observations and had a pseudo-R? of .2113 and P<.0001. P values for individual variables were calculated using the
Wald test, and the P value for the model was calculated using a y2. Odds ratios for snow are per inch and for high temperature are per degree
Fahrenheit. An additional regression with a binary snow variable in place of snow in inches showed similar findings with an odds ratio for snow

being present of 0.750.

848 NOVEMBER-DECEMBER 2019 - VOL. 51, NO. 10

FAMILY MEDICINE



This prevented analyses of whether
the difference in show rate is due to
differences in specific appointment
days or weekday versus weekend ap-
pointments. Finally, our model relies
on historic weather data. While fore-
cast values could be used for future
appointments, the accuracy of the
model will depend on the accuracy
of these forecasts.

In conclusion, we created a model
that identifies patients who are un-
likely to complete appointments and
can be targeted for intervention. The
process of creating this model is gen-
eralizable to other student-run and
primary-care clinics. Future research
could focus on the effectiveness of
various interventions at reducing
no-shows.

PRESENTATIONS: This project was presented
at the Society of Student-Run Free Clinics An-
nual Conference in Anaheim, California on
February 11, 2017.

CORRESPONDING AUTHOR: Address corre-
spondence to Dr Joseph Starnes, 2215 Gar-
land Ave, Nashville, TN 37232. 513-582-7549.
Joseph.r.starnes@vanderbilt.edu.
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