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BACKGROUND:Accurately predicting the risk of no-show
for a scheduled colonoscopy can help target interventions
to improve compliance with colonoscopy, and thereby re-
duce the disease burden of colorectal cancer and enhance
the utilization of resources within endoscopy units.
OBJECTIVES:We aimed to utilize information available in
an electronic medical record (EMR) and endoscopy sched-
uling system to create a predictive model for no-show risk,
and to simultaneously evaluate the role for natural lan-
guage processing (NLP) in developing such a model.
DESIGN: This was a retrospective observational study
using discovery and validation phases to design a colo-
noscopy non-adherence prediction model. An NLP-
derived variable called the Non-Adherence Ratio (“NAR”)
was developed, validated, and included in the model.
PARTICIPANTS: Patients scheduled for outpatient colo-
noscopy at anAcademicMedical Center (AMC) that is part
of a multi-hospital health system, 2009 to 2011, were
included in the study.
MAIN MEASURES: Odds ratios for non-adherence were
calculated for all variables in the discovery cohort, and an
Area Under the Receiver Operating Curve (AUC) was cal-
culated for the final non-adherence prediction model.
KEY RESULTS: The non-adherence model included six
variables: 1) gender; 2) history of psychiatric illness, 3)
NAR; 4) wait time in months; 5) number of prior missed
endoscopies; and 6) education level. The model achieved
discrimination in the validation cohort (AUC==70.2%). At
a threshold non-adherence score of 0.46, the model’s
sensitivity and specificity were 33% and 92%, respective-
ly. Removing the NAR from the model significantly re-
duced its predictive power (AUC = 64.3 %, difference =
5.9 %, p<0.001).
CONCLUSIONS: A six-variable model using readily avail-
able clinical and demographic information demonstrated
accuracy for predicting colonoscopy non-adherence. The
NAR, a novel variable developed using NLP technology,
significantly strengthened this model’s predictive power.
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INTRODUCTION

Colorectal cancer (CRC) remains the third most commonly
diagnosed cancer and the second most common cause of
cancer-related deaths in the United States.1 Colonoscopy can
reduce CRC-related mortality by up to 90 %, and is cost-
effective.2–6

Despite clear benefits, screening colonoscopy is
underutilized, and rates of non-adherence with scheduled
colonoscopy and flexible sigmoidoscopy are high, rang-
ing from 5 to 40 %.7–12 Consistent identification of
patients at risk for non-adherence with scheduled colo-
noscopy is a critical first step towards improving adher-
ence. A number of studies have identified predictors of
non-adherence with colonoscopy scheduling and comple-
tion.9–11,13–17 However, no study has described a vali-
dated multivariable model for predicting non-adherence
with scheduled colonoscopy. Furthermore, no automated
method to assess a patient’s prior record of non-
adherence has been developed, an essential step for
any implementation strategy involving large patient
populations.
N a t u r a l L a n g u a g e P r o c e s s i n g ( N L P )

systems—which enable the accurate extraction and
interpretation of information from free text electronic
documents—may facilitate the incorporation of clini-
cally important predictive factors that are not readily
available in structured databases. NLP has been used
to facilitate numerous assessments of health care qual-
ity and safety.18–22

This project had two major aims: 1) to develop an
automated method utilizing NLP that evaluates patients’
prior non-adherence with health care services; 2) to use
this adherence metric and readily available clinical, de-
mographic, and scheduling data to develop and validate
a prediction model that accurately identifies individuals
at high risk for non-adherence with scheduled
colonoscopy.
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METHODS

Study Design

Our study included a discovery phase and a validation phase.
The discovery phase consisted of a matched case–control
analysis. Using results from this analysis, we built a logistic
regression model for predicting non-adherence with scheduled
diagnostic or screening colonoscopy. We then validated the
model’s ability to predict adherence with scheduled colonos-
copy in a distinct, randomly selected patient cohort.
Per standard practice at this institution, all patients sched-

uled to undergo outpatient colonoscopy received a phone call
reminder about their upcoming colonoscopy approximately
1 week prior. Patients who scheduled their appointment within
7 days of the procedure date did not always receive this
reminder.
This project was designed and carried out from 2009 to

2011 at an academic medical center (AMC) in the
Northeastern United States and was approved by this AMC’s
Institutional Review Board (IRB).
Patients . We used IDX, the gas t roen te ro logy
department’s ambulatory scheduling database (IDX
systems, Burlington, VT; USA), to identify all patients
with scheduled outpatient colonoscopies between 1
December 2009 and 15 October 2010 (“ index
colonoscopy”). The discovery cohort included 110
patients from this list who were non-adherent with
scheduled diagnostic or screening colonoscopy (“cases”)
and 220 adherent patients (“controls”), matched for pro-
cedure date. The validation cohort consisted of 1,200
randomly selected individuals with scheduled outpatient
colonoscopies at our institution between 1 December
2010 and 31 November 2011 (“index colonoscopy”).
Exclusion criteria included: 1) cancellation of scheduled
colonoscopy; 2) receipt of inpatient colonoscopy in
place of outpatient colonoscopy; 3) matching of a con-
trol to two cases (in such instances, the control was not
double-counted); 4) primary residence outside of the
United States; and 5) incomplete chart review.

The Non-Adherence Ratio and Non-Adherence Query. The
Queriable Patient Inference Dossier,23 or QPID, is a natural
language search engine developed at our institution. QPID
allows the development and deployment of regular-
expression based NLP queries, which allows users to search
free text in a patient’s Electronic Medical Record (EMR) for
specific words, phrases, data, and combinations thereof. Using
QPID, we developed a unique chart review variable, which we
named the Non-Adherence Ratio (NAR).24 The NAR includes
an automated assessment of a patient’s prior non-adherence
with health care services, called the Non-Adherence Query
(NAQ). The NAQ searches a patient’s EMR for phrases that
clinicians commonly use to document non-adherence, includ-
ing “no show,” “did not present,” “failed to attend,” and
“missed appointment.” The NAQ also looks for pre-

specified combinations of these phrases. The development
and validation of the NAQ and NAR are described in
eMethods 1 (see electronic supplementary material).

Discovery Cohort
Data Collection. Chart reviews were performed by a research
assistant and two physicians who were blinded to case/control
status. Chart reviewers used standardized methods and defini-
tions. Chart review variables were chosen based on prior
evidence of an association with colonoscopy non-adherence,
a plausible association with colonoscopy non-adherence, and
ease of consistent, objective, measurement.8–10,25,26 Chart re-
view variables included: age, gender, insurance status (Private,
Medicare, Mass Health, Medicaid, or None), education level,
personal history of bright red blood per rectum (BRBPR) or
positive fecal occult blood test (FOBT), history of CRC in a
first-degree relative, history of colon polyps, and history of
psychiatric illness. History of psychiatric illness was defined
as documentation in the medical record of a mood, anxiety,
and/or psychotic disorder. Education level was stratified into
“no more than high school” education and “college or gradu-
ate school” education (e.g., anyone with at least some college
education). Data about the number of missed endoscopies
prior to the index colonoscopy, the index colonoscopy book-
ing date, and the procedure date were obtained from IDX. A
missed endoscopy was defined as non-attendance at a sched-
uled outpatient esophagogastroduodenoscopy, endoscopic ul-
trasound, endoscopic retrograde cholangiopancreatography,
flexible sigmoidoscopy, or colonoscopy. Chart review data
were collected and managed using REDCap electronic data
capture tools (Vanderbilt University; Nashville, TN).27

Statistical Analysis.Univariate and unconditional multivariate
logistic regression analyses both with and without the NAR
were performed using SAS Analytics Software (version 9.3,
SAS Institute Inc.; Cary, North Carolina). Model building was
guided by clinical judgment and results of univariate and
multivariate regression analyses of potential predictors. The
non-adherence model’s output, called the “Non-Adherence
Score,” was a decimal, which, when converted to a percent-
age, represented the predicted probability of non-adherence
with scheduled colonoscopy. With α=0.05 and β=0.20, we
calculated that we would need 107 cases and 214 controls to
correctly identify a variable associated with a 100% difference
in the odds of colonoscopy adherence. When setting our
validation cohort’s size, we attempted to balance the benefits
of a large sample size with the significant time commitment
required to perform chart reviews. We considered a two-tailed
p value of 0.05 or less to be statistically significant.

Validation Phase
Data Collection. Chart reviews were performed for each
patient in the validation cohort to gather information for
demographic and clinical variables included in the discovery
analysis (listed above). Data on booking date, scheduling date,
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and number of missed endoscopies were obtained from IDX.
NAR and wait time were calculated for each patient.

Statistical Analysis. We compared no-shows and attendees in
the discovery and validation cohorts using chi-square tests for
categorical variables and t-tests for differences of means for
continuous variables. Positive predictive value (PPV) and
negative predictive value (NPV) for the model were estimated
(Note: PPV refers to the likelihood of non-adherence with
colonoscopy, while NPV refers to the likelihood of adher-
ence). Area under the receiver operator characteristic (AUC)
curve and net reclassification index were used to compare
models with and without NAR. Each patient’s Non-
Adherence Score was assessed using the non-adherence model
designed in the discovery cohort (with discovery cohort re-
gression coefficients and intercept). Patients whose non-
adherence scores were higher than a threshold value (identi-
fied below) were deemed to be at high risk for non-adherence.
Sensitivity analyses assessed how the population no-show rate
influenced the model’s PPV and NPV, and the model’s

performance in the validation cohort after excluding patients
with a prior history of CRC and/or endoscopy.

RESULTS

Characteristics of Discovery Cohort

The final discovery cohort included 318 patients: 107
cases and 211 controls (Table 1). Twelve patients were
excluded from the discovery cohort analysis (eFigure 1a,
see electronic supplementary material). Cases were sig-
nificantly more likely than controls to have public health
insurance (OR 3.11, p<0.001 for Medicare vs. Private;
OR 3.66, p<0.001 for Mass Health, Medicaid, or None
vs. Private), a history of BRBPR or a (+) FOBT (OR
1.86, p=0.03), and a history of psychiatric illness (OR
2.25, p<0.001) (Table 2). Forty-one percent and 66.8 %
of cases and controls attended college, respectively (OR
0.35 for college attendance, p<0.001). The mean NAR
for no-shows was 7.2 %, compared with 2.0 % for

Table 1. Demographic and Clinical Characteristics of Patients in the Discovery and Validation Cohorts

Characteristic Discovery cohort Validation cohort OR or difference of means
(validation vs. discovery cohort)h

No-shows
(N=107)

Attendees
(N=211)

No-shows
(N=89)

Attendees
(N=1025)

No shows Attendees

Age—mean (yrs) 57 57 57 57 −0.15 (−3.18, 2.87) −0.69 (−2.12, 0.73)
Gender—% male 51 49 54 47 0.81 (0.46, 1.42) 0.92 (0.69, 1.24)
Insurance—%
Private 42 71 52 68 0.68 (0.39, 1.20) 1.15 (0.83, 1.59)
Medicare 26 14 25 22 0.77 (0.36, 1.63) 1.60 (1.04, 2.53)*
Mass health/medicaid/nonea 32 15 23 10 0.60 (0.29, 1.26) 0.71 (0.45, 1.14)

Education level—%
No more than high schoolb 59 33 51 26 1.4 (0.80, 2.47) 1.42 (1.04, 1.96)*
College or graduate schoolc 41 67 49 74 0.71 (0.41, 1.26) 0.70 (0.51, 0.97)*

Hx. colon polypsj—% 14 16 26 41 2.14 (1.04, 4.41)* 3.57 (2.42, 5.26)***
Hx. BRBPR or (+) FOBTd,j—% 29 18 19 30 0.58 (0.30, 1.14) 1.93 (1.32, 2.81)***
Personal Hx. CRCe,j—% 3 2 3 3 0.83 (0.16, 4.20) 0.71 (0.25, 2.06)
CRC in first degree relativee—% 8 8 16 16 2.03 (0.83, 4.95) 2.39 (1.40, 4.08)**
Hx. psychiatric illnessj—% 53 34 52 42 0.94 (0.53, 1.65) 1.44 (1.05, 1.96)*
Prior missed endoscopies—%
0 76 93.4 98 99.7 0.08 (0.01, 0.34)i,*** 0.04 (0.01, 0.16)i,***
1 9 5.2 1 0.3 13.3 (2.91, 83.8)i,*** 24.2 (6.46, 107)i,***
2 6 1.4 – –
3 3 – 1 –
4 3 – – –
5 – – – –
6 1 – – –
7 – – – –
8 2 – – –

Mean NARf—% 7.2 2 5.9 1.8 0.13 (−0.10, 0.35) 0.03 (−0.03, 0.09)
Mean wait time—monthsg 1.8 1.5 1.6 1.6 0.24 (−0.16, 0.64) −0.12 (−0.33, 0.09)
Mean number of prior missed endoscopies 0.6 0.1 0.04 0.00 0.54 (0.26, 0.83)*** 0.08 (0.03, 0.12)***

aOne attendee from discovery cohort lacked health insurance
bCompleted grade school but no high school, some high school, and high school graduates
cCompleted some college, college graduates, and those who have attended graduate school
dBRBPR bright red blood per rectum; FOBT fecal occult blood test
eCRC colorectal cancer
fNAR non-adherence ratio
g1 month = 30 days
hp values for categorical variables are based on chi-square tests of odds ratios. p values for continuous variables are based on two-way t-tests for
differences of means. Odds ratios were calculated as: odds X in discovery cohort/odds X in validation cohort
iOdds of at least one missed endoscopy in discovery cohort/odds of at least one missed endoscopy in validation cohort
jHx. = “History of”
* p<0.05; ** P<0.01; *** p<0.001
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controls (p<0.001) (Table 1). A 10 % increase in the

NAR was associated with a 297 % increase in non-

attendance (p<0.001) (Table 2). Missing one prior en-

doscopy appointment was associated with a 160 % in-

crease in no-show risk (p<0.001).

Characteristics of Validation Cohort

The final validation cohort included 1114 patients: 89 no-
shows and 1,025 adherent patients. Eighty-six patients were
excluded from the initial 1,200 patient validation cohort
(eFigure 1b, see electronic supplementary material). No-

Table 2. Results of Univariate and Multivariate Logistic Regression Analysis of Predictors of Colonoscopy Adherence in the Discovery Cohort

Characteristic Univariate regression Multivariate regression

Odds ratio (95 % CI) p value Odds ratio (95 % CI) p value

Age—per year 1.01 (0.98, 1.03) 0.62 0.98 (0.94,1.01) 0.16
Gender*

Female 1.00 1.00
Male 1.11 (0.70, 1.77) 0.66 1.81 (1.03,3.18) 0.04

Insurance type
Private carrier 1.00 <0.001 1.00 0.10
Medicare 3.11 (1.68, 5.75) <0.001 2.23 (0.97,5.12) 0.06
MassHealth/medicaid/none 3.66 (2.03, 6.59) <0.001 1.74 (0.86,3.54) 0.13

Education level*

No more than high school† 1.00 1.00
College or graduate school‡ 0.35 (0.21, 0.56) <0.001 0.65 (0.35,1.19) 0.16

History of colon polyps 0.85 (0.44, 1.64) 0.63 0.79 (0.34,1.82) 0.60
History of BRBPR or (+) FOBT§ 1.86 (1.08, 3.20) 0.03 1.58 (0.81, 3.08) 0.18
CRC in first degree relative‖ 1.12 (0.48, 2.62) 0.80 0.73 (0.25, 2.17) 0.57
History of psychiatric illness* 2.25 (1.40, 3.61) <0.001 1.90 (1.08, 3.36) 0.03
NAR—per 10 % increase¶,* 3.97 (2.48, 6.35) <0.001 2.79 (1.68, 4.64) <.0.001
Wait time—per month#,* 1.14 (0.98, 1.32) 0.09 1.28 (1.07, 1.52) 0.006
Number of prior missed endoscopies—per missed endoscopy* 2.60 (1.60, 4.24) <0.001 1.78 (1.07, 2.95) 0.03

This table presents results of univariate and multivariate logistic regression analyses of all potential predictors of colonoscopy non-adherence evaluated
for inclusion in the non-adherence model. Analyses were performed in the discovery cohort
*Included in final non-adherence prediction model
†Completed grade school but no high school, some high school, and high school graduates
‡Completed some college, college graduates, and those who have attended graduate school
§BRBPR bright red blood per rectum; FOBT fecal occult blood test
‖CRC colorectal cancer
¶NAR non-adherence ratio
#1 month = 30 days

Table 3. Coefficient Estimates, Standard Errors, and Odds Ratios for Final Non-Adherence Model Variables in Discovery Cohort

Parameter Coefficient estimate SE OR 95 % CI

Intercept −1.89 0.35 N/A N/A
Male gender 0.55 0.28 1.73 1.00–3.01
Education level
No more than high school* 0 N/A 1.00 N/A
College or graduate school† −0.60 0.29 0.54 0.31–0.96

History of psychiatric illness 0.80 0.28 2.26 1.30–3.90
Number of prior missed endoscopies (per missed endoscopy) 0.63 0.25 1.87 1.14–3.08
Wait time (per month)‡ 0.23 0.09 1.26 1.07–1.49
NAR (per 10 % increase)§ 1.03 0.26 2.82 1.70–4.66
Calculating non-adherence score
Non-adherence score‖ = 1/(1+ 1/exp (0.55 *G−0.60*E+0.80*P +0.63* Q+0.23 * W+1.03* N−1.89))
Key for variables
G = Gender ( 1 if male; 0 if female)
E = Education level (1 if completed some college, college graduate, and/or attended graduate school; 0 if no more than high school graduate)
P = History of psychiatric illness (1 if history of psychiatric illness present; 0 if no history of psychiatric illness)
Q = Number of missed endoscopies
W = Wait time in months (wait time in days divided by 30)
N = Patient’s NAR/10 %¶ (thus, if NAR = 20 %, N=2)

SE standard error; OR odds ratio; CI confidence interval
The estimate refers to the estimate of the logistic regression coefficient for each variable, and the SE represents this coefficient’s standard error
*Completed grade school but no high school, some high school, and high school graduates
†Completed some college, college graduates, and those who have attended graduate school
‡1 month = 30 days
§NAR non-adherence ratio
‖Format for Non-Adherence Score equation: Score=1/(1+1/exp(m1×1+…m6×6+b))
¶Coefficients and odds ratios for NAR are based on 10 % change in NAR. Thus, NAR must be divided by 10 % before being incorporated into the Non-
Adherence Score calculation
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shows were more likely than attendees to have public insur-
ance (Medicare insurance: 24.7 % vs. 21.9 %; Mass health or
Medicaid: 23.6 % vs. 9.9 %; Table 1). Approximately 50 % of
no-shows and 26 % of attendees had no more than a high
school education. A prior history of colon polyps was noted in
25.8 and 40.7 % of no-shows and attendees, respectively,
while 19.1 % of no-shows and 29.8 % of attendees had a
history of BRBPR or (+) FOBT. The mean NAR was 5.9 and
1.8 % for non-adherent and adherent patients, respectively.

Comparison of Discovery and Validation
Cohorts

No-shows in the validation cohort were more likely to have a
history of polyps, and less likely to have missed a prior
endoscopy (OR 0.54, p<0.001) (Table 1). Moreover, at-
tendees in the validation cohort were significantly more likely
to have attended college, and less likely to have a history of
polyps (OR 3.57, p<0.001), BRBPR or a (+) FOBT (OR 1.93,
p<0.001), CRC in a first degree relative (OR 2.39, p<0.001),
or psychiatric illness (OR 1.44, p<0.05) (Table 1).

Development of Non-Adherence Model

Five variables were significantly associated with colonoscopy
non-adherence in multivariate regression analysis: 1) male
gender (OR 1.81, p=0.04); 2) history of psychiatric illness
(OR 1.90, p=0.03), 3) NAR (OR 2.79 for 10 % increase in
NAR, p<0.001); 4) wait time in months (OR 1.28 for each
month, p=0.006); and 5) number of prior missed endoscopies
(OR 1.78 per missed endoscopy, p=0.03) (Table 2). The final
non-adherence model included these five variables and edu-
cation level (Table 3). Education level was added to this model
based on clinical judgment, and observed associations

between this variable, CRC screening, and colonoscopy ad-
herence.28–30 The final model’s AUC in the discovery cohort
was 75.5% (95%CI 70–80.2%) (Fig. 1a). Logistic regression
coefficients for these variables, the model coefficient, and the
final model equation are presented in Table 3. The model
intercept yields a non-adherence score equal to the predicted
probability of non-adherence in a population with the same
prevalence as our discovery cohort, but the absolute magni-
tude of the non-adherence score does not affect its operating
characteristics.

Validation of Non-Adherence Model

The non-adherence model’s AUC in the validation cohort was
70.2 % (CI: 64.4–76.1 %) (Fig. 1b). At a Non-Adherence
Score of 0.46, the model’s sensitivity (Sn) and specificity
(Sp) were 33 and 92 %, respectively. At this threshold, the
model correctly classified 29 of 89 no-shows, and 940 of
1,025 attendees, yielding a PPV and NPV of 26 and 94 %,
respectively (Table 4). Assuming a constant Sn of 33% and Sp
of 92%, an increase in the population non-adherence rate from
8 % (the rate in the validation cohort) to 20 % resulted in a
PPV of 50 %, and an NPV of 85 % (eTable 1, see electronic
supplementary material). Removing the NAR from the model
reduced the AUC from 70.2 to 64.3 % (Difference = 5.9 %,
p<0.001). In sensitivity analyses, the model’s AUC was 70 %
(95 % CI: 64–76 %) in validation cohort patients with no prior
history of CRC (N=1084), and 73 % (95 % CI: 65–80 %) in
validation cohort patients with no prior history of endoscopy
or CRC (N=487).
In multivariable regression analyses in the validation co-

hort, three model variables significantly predicted no shows:
education level (OR 0.55 for college education, 95% CI 0.33–

Figure 1. a Receiver Operating Characteristic (ROC) curves for prediction of colonoscopy adherence in discovery cohort using non-adherence
prediction model. b Receiver Operating Characteristic (ROC) curves for prediction of colonoscopy adherence in validation cohort using non-
adherence prediction model. In a–b, the ROC curve labeled “With NAR” represents the ROC for the full, six variable non-adherence model
while the ROC curve labeled “Without NAR” depicts the ROC for the non-adherence model after removal of the NAR. NAR = Non-Adherence

Ratio.
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0.91), NAR (OR 2.70 per 10 % increase, 95 % CI 1.85–3.93),
and number of missed endoscopies (OR 4.04 per endoscopy,
95 % CI: 1.11–14.7) (eTable 2, see electronic supplementary
material). Having Masshealth, Medicaid, or no insurance pre-
dicted an increased risk of non-adherence, and a history of
colon polyps significantly reduced the likelihood of non-
adherence.
In eTable 3 (see electronic supplementary material), we

describe four hypothetical patients with a predicted Non-
Adherence Score of at least 0.46 in order to highlight “real
life” examples of individuals who would be considered to be
at high risk for non-adherence using this model.

DISCUSSION

We developed and validated a six variable model for
predicting non-adherence with scheduled colonoscopy. Two
of the strongest predictors of non-attendance were the NAR

and prior non-attendance with scheduled endoscopy. The
NAR is a novel parameter that we designed and measured
using an NLP system. Calculating the NAR through this
automated and systematic approach can help to prospectively
identify individuals who are at high-risk for colonoscopy non-
adherence. Removing the NAR from the model significantly
reduced its validated AUC.
These findings expand upon previous work by Turner et al.,

who identified an association between non-attendance with
lower endoscopy and health care appointment non-adher-
ence.9 A history of clinic appointment non-attendance has also
been shown to predict future clinic appointment non-atten-
dance, hospital readmission for congestive heart failure, and
HIV viral load in patients on antiviral treatment.18,31,32 Thus,
appointment-keeping behavior is an important predictor of
adherence with many health care services.9

Measuring adherence with scheduled appointments across
different departments requires access to a central scheduling

Table 4. Predictive Accuracy of Non-Adherence Model in the Validation Cohort at Different Non-Adherence Scores

Non-adherence score* Classified correctly by model Sn (%) Sp (%) PPV (%) NPV (%)

No shows (N=89) Attendees (N=1025)

0.08 89 14 100 1.4 8 100
0.10 88 71 99 7 8 99
0.12 86 119 97 12 9 98
0.14 86 194 97 19 9 99
0.16 77 291 87 28 10 96
0.18 74 397 83 39 11 96
0.20 70 471 79 46 11 96
0.22 68 528 76 52 12 96
0.24 64 581 72 57 13 96
0.26 59 646 66 63 14 96
0.28 53 703 60 69 14 95
0.30 47 747 53 73 15 95
0.32 45 785 51 77 16 95
0.34 42 813 47 79 17 95
0.36 39 836 44 82 17 94
0.38 38 859 43 84 19 94
0.40 37 893 42 87 22 95
0.42 33 910 37 89 22 94
0.44 30 928 34 91 24 94
0.46 29 940 33 92 25 94
0.48 38 948 32 93 27 94
0.50 24 959 27 94 27 94
0.52 21 966 24 94 26 93
0.54 19 972 21 95 26 93
0.56 18 983 20 96 30 93
0.58 17 991 19 97 33 93
0.60 16 993 18 97 33 93
0.62 14 998 16 97 34 93
0.64 13 1002 15 98 36 93
0.66 13 1007 15 98 42 93
0.68 10 1009 11 98 39 93
0.70 9 1010 10 99 38 93
0.72 7 1011 8 99 33 93
0.74 7 1012 8 99 35 93
0.76 6 1014 7 99 35 92
0.78 6 1014 7 99 35 92
0.80 3 1014 3.4 99 21 92

Patients who are “classified correctly:” Patients who no showed for or attended their scheduled colonoscopy, and whom the model correctly identified
as a no show or attendee, respectively
Patients who are “classified incorrectly:” Patients who no showed for or attended their scheduled colonoscopy, and whom the model incorrectly
identified as an attendee or a no show, respectively
Sn sensitivity; Sp specificity; PPV positive predictive value; NPV negative predictive value
*Non-Adherence Score was calculated using non-adherence model
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database, which many clinicians and clinical support staff do
not have. Our study demonstrates that NLP systems can
enable real-time evaluation of a patient’s history of health
service adherence using readily available unstructured data.
We are not aware of any studies investigating a role for NLP in
measuring appointment adherence.19–21,32–40 Thus, our work
highlights a novel method using NLP for this purpose.
Although others have identified a relationship between

appointment keeping behavior and endoscopy attendance,
we demonstrate that such information can be incorporated into
a non-adherence prediction model—a critical step towards
improving health care quality. The NAR can be calculated
quickly in real time by QPID using basic regular expression
search technology that has been widely available since the
1960s and is common to virtually all existing NLP systems.
So, this approach can be generalized.41–43 More broadly, this
work highlights one way in which health information technol-
ogy may facilitate process and quality improvement work.44,45

This model’s low sensitivity, high specificity, and high NPV
make it well suited to help medical centers more effectively
deploy resources to improve colonoscopy adherence. For ex-
ample, “high-risk” patients, as identified by the model, could
be assigned to patient navigators, who have been shown to
significantly improve colonoscopy adherence.46–48 Moreover,
while sensitivity and specificity are inherent characteristics of
a model, its PPV and NPV depend upon the population-level
incidence of the outcome of interest. Our model’s low PPV
(25 %) may reflect the low baseline non-adherence rate in our
population (8 %). Using a 20 % baseline non-adherence rate,
as reported in previous studies, the model’s estimated PPV
improves significantly (50%), with only a modest reduction in
the NPV.7,9,10,15,49 Moreover, the model is equally effective at
predicting non-adherence by patients with no prior history of
endoscopy, who may be at higher risk of colonoscopy non-
adherence.9

Changes in the model’s NPVand PPV have implications for
the allocation of resources, like patient navigators, that may
improve colonoscopy adherence. For example, a higher model
PPV increases the likelihood that a navigator will be appropri-
ately assigned to a patient who otherwise would have no-
showed. However, if the NPV drops, the model may also
misclassify high-risk patients as low in risk. Nonetheless, in
systems with limited resources for improving colonoscopy
adherence, focusing on patients with higher non-adherence
scores, which correspond to higher PPVs, will maximize
effective resource utilization.
The differences between the discovery and validation co-

horts may help to explain why only three model variables
significantly predicted non-adherence in the validation sam-
ple. These differences likely stem from how the cohorts were
constructed (i.e., randomly chosen cases with matched con-
trols for the discovery sample and randomly selected cohort of
all-comers for the validation sample), rather than from sys-
tematic differences between the populations from which they
were derived. Indeed, the endoscopy suite’s patient

population, colonoscopy referral and scheduling systems, re-
minder policies, and indications for colonoscopy did not
change from 2009 to 2011.While chart reviewers were trained
to use a consistent coding system, we cannot rule out minor
variation between reviewers in the operationalization of cer-
tain variables.
Our work adds to existing literature about colonoscopy non-

adherence in other ways. Higher education level has previous-
ly been associated with higher rates of CRC screening.50

Associations between endoscopy non-adherence, male gen-
der, psychiatric illness, and appointment wait time have all
been reported previously.17,22,26

This study has several limitations. We did not investigate
certain variables that may be associated with non-attendance,
including socio-economic status, ethnicity, indication for co-
lonoscopy, colonoscopy referral source, or patient-specific
barriers to attendance.10,14,16,25,32 Furthermore, because few
patients in this study were uninsured, on Medicaid, or lacked
college education, our findings may not extend to these pop-
ulations. Likewise, because the NAR relies on data from prior
interactions with a health system, it may have limited utility
for predicting adherence for patients who are new to a health
system, or rarely see a physician. In addition, our findings may
not be generalizable to other health systems. Nonetheless, the
significant differences between our discovery and validation
cohorts, and our sensitivity analyses, provide some evidence
that our model will perform adequately in other populations.
Finally, our discovery analysis may not have been powered to
detect certain clinically relevant predictors of adherence, or to
precisely bound odds ratios for predictors that were identified.
Further research is necessary to determine prospectively if
implementation of this non-adherence model improves adher-
ence with scheduled colonoscopy.

CONCLUSION

We developed and validated the first published model for
predicting non-adherence with scheduled colonoscopy using
data that are readily available in patient medical records and
easily extractable with an NLP system. Our work confirms
that a patient’s prior history of health care service non-
adherence is a strong predictor of adherence with scheduled
colonoscopy, and offers a novel tool that utilizes an NLP
system to quickly and reliably assess a patient’s history of
health care service adherence.
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