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Abstract
Background: No-shows of patients have negative impacts on healthcare systems, such as resources’
underutilization, efficiency loss, and cost increase. Predicting no-show is key to develop strategies that
counteract its effects. In this paper, we propose a model to predict the no-show of ambulatory patients to
exam appointments of computed tomography at the Radiology department of a large Brazilian public
hospital.

Methods: We carried out a retrospective study on 8,382 appointments made to computed tomography
(CT) exams between January and December 2017. Penalized logistic regression and multivariate logistic
regression were used to model the influence of 15 candidate variables on patients’ no-show. The
predictive capabilities of the models were evaluated analyzing the Area Under the Curve (AUC) of the
Receiver Operating Characteristic (ROC).

Results: The no-show rate in computerized tomography exams appointments was 6.65%. The two
models performed similarly in terms of AUC. The penalized logistic regression model was selected using
the parsimony criterion, with 8 of the 15 variables analyzed appearing as significant. One of the variables
included in the model (number of exams scheduled in previous year) had not been previously reported in
the related literature.

Conclusions: Our findings may be used to guide the development of strategies to reduce the no-show of
patients to exam appointments.

Background
A no-show occurs when a patient does not show up for a scheduled appointment or does not cancel the
appointment such that the time slot can be assigned to another patient. The occurrence of no-shows is
one of the main operational problems found in outpatient scheduling processes [1]. No-shows have
negative impacts on most healthcare systems, such as reduced efficiency, increased costs, lost revenues,
and limited access of patients to services [2]. Patient no-show to radiology exams lead to even greater
losses due to the high cost of imaging equipment and professionals required for capturing and
interpreting images [3].

No-show rates may vary from 3–80% in healthcare systems, depending on the service being provided and
patients’ demographic characteristics [4]. Studies report different no-show rates; e.g., 18.80% in a study
carried out in a medical center offering consultation on 10 different ambulatory specialties [4], 21.90% in
bariatric surgery appointments in a specialized clinic - considering only consultations before and after
surgery [2], and 6.50% in a radiology department considering all exams performed [3]. In the Brazilian
public health network, patient no-show has become a chronic problem, similar to what is observed in
other countries. No-show rates to consultations and exams are observed as high in different regions of
the country and across medical specialties [5].
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There is consensus in the literature regarding the non-random nature of no-shows, and research has been
published proposing statistical analyses of factors that may impact no-show rates [6, 7]. Previous studies
have shown that factors associated with no-show include patients’ sociodemographic conditions such as
age [4]; gender [7, 8]; distance between home and healthcare unit [9, 10]; race [11]; marital status [12, 13];
level of schooling [14]; appointment characteristics – time [2], day of the week [9], and month [15];
elapsed time between appointment request and actual consultation [2]; and patient’s clinical diagnosis
[16].

In a recent literature review article [6], 105 works that analyzed the influence of 45 different variables in
patient no-show were identified. However, none of these studies analyzed the association between the
predictor variable "number of exams scheduled in the previous year" and no-show. Such variable
describes patients’ past behavior regarding exam appointments and is not likely to be directly available in
consultation databases. In addition, there were no studies analyzing factors associated with the no-show
in a Brazilian radiology department. Regionalizing no-show studies is relevant since it is well known that
sociodemographic conditions impact patients’ consultations and exams attendance ratios. There are two
contributions here. The first contribution regards the state-of-the-art of no-show modeling: the study of a
new predictor associated with the no-show may contribute to future analyses of the phenomenon in other
healthcare settings. The second contribution regards the state-of-the-practice on no-show management:
the use of a database from a Brazilian radiology department, which allows managers to identify
characteristics of patients and service that determine non-attendance to image exams. Considering the
scarcity of resources in the Brazilian public health system, it is critical for developing strategies to reduce
no-show and mitigate its negative effects on the system; such actions may reduce the underutilization of
services and reduce waiting times to obtain appointments [5].

The objective of the present study is to identify variables associated to patient no-show to exam
appointments and build a prediction model that allows determining the no-show probability of future
patients using historical data from the Radiology Department of a large Brazilian hospital.

Methods

Data, sample and predictive variables
We performed a retrospective study using outpatient computed tomography (CT) scan scheduling data
obtained from the consultation scheduling management system of the Radiology Department of a public,
850-bed, tertiary care teaching hospital in southern Brazil. The study was approved by the Research
Ethics Committee under project number CAEE 83645318.6.0000.5327.

The CT unit operates continuously (24/7), issuing approximately 30,000 reports per year, covering
emergency patients, inpatients and outpatients referred to the hospital. We chose to focus our analysis
on CT appointments for two reasons. First, a non-utilized CT slot costs more to the system than X-ray or
ultrasound unused slots. Second, the number of CT exams in this department is larger than that of
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magnetic resonance imaging (MRI) exams; in addition, a larger no-show rate is associated with CT exams
(7.20%) than with MRI exams (5.10%), considering 2016 data. The unit has three CT equipment; 74
ambulatory patients are scheduled daily to perform exams, from 8AM to 5PM.

We considered in the study appointment records from patients that visited the hospital at least once in
2016 for medical consultations, laboratory or radiology exams. In 2017, 12,387 appointments were made
for CT exams; 2,966 did not meet our first screening selection criteria. The 9,421 remaining appointment
records covered a one-year period, from Jan 1 to Dec 31, 2017, being mostly abdominal (5,148) and skull
and brain (1,051) CT exams. In the final sample analyzed we removed patients with more than one CT
appointment on the same day, which led to 8,382 appointments (and a total of 557 no-shows) (see
Fig. 1). Our dataset did not include appointments with missing information on the analyzed predictors.

Figure 1 Flow-chart of patient selection process

The dataset carries information on 15 categorical and continuous predictors, which were grouped into
three main categories (see Additional file 1: Table S1). Variables included in the dataset were chosen
based on the literature and availability of data in the scheduling system. The response (dependent)
variable was defined to be the outpatient attendance status with two possible outcomes: show or no-
show. The primary outcome (no-show) was associated with a patient that did not show to perform the
scheduled CT or did not cancel the appointment.

Statistical analysis
We started by analyzing the sample’s descriptive statistics. Absolute and relative frequencies were used
to describe categorical variables, while continuous variables were described through measures of central
tendency (mean) and dispersion (standard deviation—SD). Characteristics of patients in the show and no-
show classes were compared through Chi-Squared and t tests, depending on the variable’s type.

We analyzed no-show frequencies in ten percentiles of each continuous variable in Table S1 (Additional
file 1). The objective was to visually identify the nature of the relationship between descriptive variables
and patient no-show (linear, quadratic or logarithmic).

Next, the dataset was split into training and test portions. Records in each portion were randomly
selected, however keeping the same proportion of no-shows in the complete sample (6.65%). The training
portion was comprised of 5,867 records (403 no-shows) and used to develop the models; the test portion
was comprised of 2,515 records (154 no-shows) and used to validate the models. Model performance
was assessed determining the ROC-AUC for training and test portions.

To assess the generalizability of models tested, we used the Monte Carlo cross validation method (cross
validation with repeated random sub-sampling) with 500 repetitions, using different portions of data for
training and test (keeping the proportion of the positive class – no-show – in the two portions). Mean and
standard deviation of 500 repetitions were calculated for AUC, sensitivity, specificity, Positive Predictive
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Value (PPV) and Negative Predictive Value (NPV). Here, PPV refers to the probability of no-show to the CT
exam, while the NPV refers to the probability of show to the CT exam.

Logistic regression with LASSO penalization (Least Absolute Shrinkage and Selection Operator) and
logistic regression were used to analyze the factors associated with patient's no-show in the training
portion of the dataset. Penalized logistic regression is a technique similar to logistic regression, although
used for automatic selection of variables. For that, it imposes a penalty on the model β coefficients to
induce dispersion, such that coefficients of less relevant predictors are reduced to zero [17]. This process
results in biased coefficient estimates that can no longer be interpreted as odds ratios, as in a logistic
regression, but rather as a weight or relative importance of the predictor variable [18]. The best value for
the penalty parameter λ is the one that leads to the smallest mean square error (MSE) in the cross
validation.

In the logistic regression, a univariate analysis was initially carried out to verify the influence of each
predictive variable on the no-show. Variables with significance levels smaller than 0.25 (P < 0.25) were
considered for inclusion in the multivariate analysis, following recommendations in previous studies [2,
16]. In the multivariate logistic regression analysis, a backward (upstream) variable selection was carried
out, moving from an initial model including all variables retained in the univariate analysis, which were
eliminated stepwise if displaying P values larger than 0.05. The final reduced model obtained comprised
of only statistically significant variables (P < 0.05).

The objective was to choose a model to calculate patients’ no-show probabilities to scheduled CT exam
appointments. Using the test portion of the dataset the selected model goodness-of-fit was assessed
using the Hosmer–Lemeshow test, which divides observations into classes based on their predicted no-
show probabilities and calculates the chi-squared value associated with observed and expected
frequencies in each class [19]. In addition, the ROC curve was used to determine the threshold probability
value that best classifies patients (maximizing sensitivity and specificity). The predicted no-show
probability of each patient was then compared to the threshold and those displaying larger probability
values were classified as no-show. Finally, we generated the confusion matrix for the selected model
using the test portion. All analyses were performed using the R package (version 3.5.1).

Results
In our sample of 8,382 patients scheduled for CT examinations in 2017, 7,825 (93.35%) attended and 557
(6.65%) did not attend the exams. According to Table 1, the highest proportion of no-shows took place
among males (7.1%), black (10.3%), single (8.5%) patients with no schooling (10.1%) and no cancer
(6.8%), with appointments on Thursdays (7.2%), in the afternoon (7.0%), in June (12.5%), and who had 3
or more no-shows to exams in the previous year (12.3%). Variables, such as age, distance, number of
consultations scheduled, number of no-shows in consultations and number of exams scheduled, in
previous year, presented average values slightly larger for no-show patients; whereas, lead time presented
average value smaller for no-show patients. No significant differences in patients’ characteristics in the
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show and no-show classes were found for the following predictors: gender, cancer, day and shift
(Table 1).
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Table 1
Sample of patients – descriptive statistics

Predictors Show

(N = 7,825)

No-show

(N = 557)

P
value

Categorical      

Gender      

Female–n (%) 4,242
(93.7)

283 (6.3) 0.130a

Male–n (%) 3,583
(92.9)

274 (7.1)

Race      

Asian–n (%) 5 (100.0) 0 (0.0) < 
0.001a

White–n (%) 6,998
(93.7)

467 (6.3)

Native Brazilian–n (%) 1 (100.0) 0 (0.0)

Brown–n (%) 248 (91.2) 24 (8.8)

Black–n (%) 573 (89.7) 66 (10.3)

Marital Status      

Single–n (%) 2,337
(91.5)

217 (8.5) < 
0.001a

Married–n (%) 3,937
(94.4)

234 (5.6)

Divorced–n (%) 822 (95.1) 42 (4.9)

Widow(er)/Others–n (%) 729 (91.9) 64 (8.1)

Schooling      

None–n (%) 543 (89.9) 61 (10.1) 0.011a

Elementary incomplete–n (%) 3,783
(93.6)

260 (6.4)

Elementary complete–n (%) 1,283
(93.4)

90 (6.6)

High School incomplete–n (%) 407 (92.9) 31 (7.1)

High School complete–n (%) 1,362
(93.6)

93 (6.4)

aChi-square test, bt-test
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Predictors Show

(N = 7,825)

No-show

(N = 557)

P
value

Tertiary incomplete–n (%) 169 (97.1) 5 (2.9)

Tertiary complete–n (%) 278 (94.2) 17 (5.8)

Cancer      

No–n (%) 3,400
(93.2)

249 (6.8) 0.595a

Yes–n (%) 4,425
(93.5)

308 (6.5)

Day of the week      

Monday–n (%) 1,554
(92.9)

118 (7.1) 0.511a

Tuesday–n (%) 1,610
(93.1)

119 (6.9)

Wednesday–n (%) 1,592
(94.0)

102 (6.0)

Thursday–n (%) 1,440
(92.8)

112 (7.2)

Friday–n (%) 1,628
(93.9)

106 (6.1)

Shift      

Morning–n (%) 3,756
(93.7)

252 (6.3) 0.224a

Afternoon–n (%) 4,069
(93.0)

305 (7.0)

Month      

January–n (%) 770 (93.3) 55 (6.7) < 
0.001a

February–n (%) 578 (92.8) 45 (7.2)

March–n (%) 696 (92.4) 57 (7.6)

April–n (%) 503 (92.0) 44 (8.0)

May–n (%) 624 (90.7) 64 (9.3)

June–n (%) 559 (87.5) 80 (12.5)

aChi-square test, bt-test
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Predictors Show

(N = 7,825)

No-show

(N = 557)

P
value

July–n (%) 637 (90.4) 68 (9.6)

August–n (%) 703 (90.8) 71 (9.2)

September–n (%) 573 (91.0) 57 (9.0)

October–n (%) 646 (98.9) 7 (1.1)

November–n (%) 784 (99.2) 6 (0.8)

December–n (%) 752 (99.6) 3 (0.4)

Number of no-shows to exams in the previous year      

0–n (%) 6,773
(94.0)

435 (6.0) < 
0.001a

1–n (%) 685 (90.5) 72 (9.5)

2–n (%) 217 (88.2) 29 (11.8)

3 or more–n (%) 150 (87.7) 21 (12.3)

Continuous      

Age–mean (SD) 58.48
(15.86)

57.61
(17.48)

< 
0.001b

Distance–mean (SD) 57.87
(99.52)

53.97
(103.66)

< 
0.001b

Lead time–mean (SD) 88.96
(71.44)

95.40
(59.76)

< 
0.001b

Number of consultations scheduled in previous year–mean
(SD)

10.21
(10.74)

10.12
(11.06)

< 
0.001b

Number of no-shows to consultations in previous year–
mean (SD)

0.90 (1.64) 1.14 (1.95) < 
0.001b

Number of exams scheduled in previous year–mean (SD) 6.11 (7.18) 5.84 (7.36) < 
0.001b

aChi-square test, bt-test

Table 1 here.

The analysis of the type of relationship between continuous descriptive variables and patient no-show
indicated the following: quadratic for age; logarithmic for distance, lead time, and number of
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consultations and exams scheduled in the previous year; and linear for number of no-shows to
consultations in the previous year (see Additional file 2: Table S2). Variable “number of no-shows to
exams in the previous year” did not display any of the behaviors above and was thus treated as categoric,
despite its continuous nature.

Regression coefficients (β) of the penalized logistic regression model, as well as regression coefficients
(β), odds ratios, 95% confidence intervals, and P values associated with each variable in the analysis of
univariate and multivariate logistic regressions, determined using the training dataset, are shown in
Table 2. In that table, variables with no β coefficient values for the penalized logistic regression model
their coefficients zeroed by the LASSO penalty.
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Table 2
Regression coefficients of the penalized logistic regression model and regression coefficients, odds ratio

values, 95% confidence intervals (CI95%), and P values of the univariate and multivariate logistic
regressions models

Predictors Penalized
logistic
regression

Univariate logistic
regression

(retain predictors with P 
< 0.25)

Multivariate logistic
regression – reduced
model

(retain predictors with P 
< 0.05)

β β Odds
ratio
(CI95%)

P
value

β Odds
ratio
(CI95%)

P
value

Intercept -3.10       -3.47    

Gender              

Female     Ref.     Ref.  

Male   0.14 1.15
(0.97–
1.36)

0.120 0.21 1.23
(1.03–
1.47)

0.026

Race              

White     Ref.     Ref.  

Not white 0.21 0.49 1.63
(1.29–
2.07)

0.000 0.37 1.45
(1.13–
1.86)

0.004

Marital Status              

Single     Ref.     Ref.  

Married -0.12 -0.45 0.64
(0.53–
0.78)

0.000 -0.33 0.72
(0.59–
0.88)

0.001

Divorced/Separated -0.09 -0.60 0.55
(0.39–
0.77)

0.001 -0.54 0.58
(0.41–
0.82)

0.002

Widow(er)/Others   -0.06 0.95
(0.71–
1.26)

0.706 0.03 1.04
(0.76–
1.41)

0.826

Schooling              

None     Ref.     Ref.  

Ref. reference group, Predictors with a P value no more than 0.25 in the univariate logistic regression
analysis were included in the multivariate logistic regression analysis
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Predictors Penalized
logistic
regression

Univariate logistic
regression

(retain predictors with P 
< 0.25)

Multivariate logistic
regression – reduced
model

(retain predictors with P 
< 0.05)

β β Odds
ratio
(CI95%)

P
value

β Odds
ratio
(CI95%)

P
value

Elementary incomplete   -0.49 0.61
(0.46–
0.82)

0.001 -0.38 0.68
(0.50–
0.92)

0.014

Elementary complete   -0.47 0.62
(0.44–
0.88)

0.007 -0.37 0.69
(0.48–
0.98)

0.039

High School incomplete   -0.39 0.68
(0.43–
1.06)

0.091 -0.38 0.68
(0.43–
1.08)

0.106

High School complete   -0.50 0.61
(0.43–
0.85)

0.004 -0.41 0.66
(0.47–
0.94)

0.022

Tertiary incomplete   -1.33 0.26
(0.10–
0.67)

0.005 -1.28 0.28
(0.11–
0.71)

0.008

Tertiary complete   -0.61 0.54
(0.31–
0.95)

0.032 -0.42 0.66
(0.37–
1.17)

0.155

Cancer              

No     Ref.        

Yes   -0.05 0.95
(0.80–
1.13)

0.564      

Day of the week              

Monday     Ref.        

Tuesday   -0.03 0.97
(0.75–
1.27)

0.841      

Wednesday   -0.17 0.84
(0.64–
1.11)

0.224      

Ref. reference group, Predictors with a P value no more than 0.25 in the univariate logistic regression
analysis were included in the multivariate logistic regression analysis
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Predictors Penalized
logistic
regression

Univariate logistic
regression

(retain predictors with P 
< 0.25)

Multivariate logistic
regression – reduced
model

(retain predictors with P 
< 0.05)

β β Odds
ratio
(CI95%)

P
value

β Odds
ratio
(CI95%)

P
value

Thursday   0.03 1.02
(0.78–
1.34)

0.861      

Friday   -0.15 0.86
(0.65–
1.12)

0.265      

Shift              

Morning     Ref.        

Afternoon   0.11 1.12
(0.94–
1.33)

0.208      

Month              

January     Ref.     Ref.  

February   0.09 1.09
(0.72–
1.64)

0.679 0.10 1.10
(0.73–
1.67)

0.640

March   0.14 1.15
(0.78–
1.68)

0.486 0.11 1.11
(0.75–
1.64)

0.590

April   0.20 1.22
(0.81–
1.85)

0.335 0.17 1.18
(0.78–
1.80)

0.428

May   0.36 1.44
(0.99–
2.09)

0.059 0.40 1.49
(1.02–
2.19)

0.039

June 0.34 0.69 2.00
(1.40–
2.87)

0.000 0.71 2.03
(1.40–
2.93)

0.000

July   0.40 1.49
(1.03–
2.17)

0.034 0.34 1.41
(0.97–
2.06)

0.073

Ref. reference group, Predictors with a P value no more than 0.25 in the univariate logistic regression
analysis were included in the multivariate logistic regression analysis
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Predictors Penalized
logistic
regression

Univariate logistic
regression

(retain predictors with P 
< 0.25)

Multivariate logistic
regression – reduced
model

(retain predictors with P 
< 0.05)

β β Odds
ratio
(CI95%)

P
value

β Odds
ratio
(CI95%)

P
value

August   0.35 1.41
(0.98–
2.04)

0.064 0.20 1.22
(0.84–
1.77)

0.298

September   0.33 1.39
(0.95–
2.05)

0.093 0.21 1.23
(0.83–
1.82)

0.307

October -1.00 -1.89 0.15
(0.07–
0.34)

0.000 -2.02 0.13
(0.06–
0.30)

0.000

November -1.18 -2.23 0.11
(0.05–
0.25)

0.000 -2.31 0.10
(0.04–
0.23)

0.000

December -1.31 -2.88 0.06
(0.02–
0.18)

0.000 -2.97 0.05
(0.02–
0.17)

0.000

Number of no-shows to
exams in the previous year

             

0     Ref.     Ref.  

1 0.17 0.49 1.64
(1.26–
2.13)

0.000 0.59 1.81
(1.35–
2.41)

0.000

2 0.30 0.73 2.08
(1.40–
3.10)

0.000 0.90 2.46
(1.59–
3.79)

0.000

3 or more 0.20 0.78 2.18
(1.37–
3.48)

0.001 0.76 2.13
(1.26–
3.59)

0.004

Age   -0.03 0.97
(0.99-
1.00)

0.218      

Age²   0.00 1.00
(1.00–
1.00)

0.530      

Ref. reference group, Predictors with a P value no more than 0.25 in the univariate logistic regression
analysis were included in the multivariate logistic regression analysis
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Predictors Penalized
logistic
regression

Univariate logistic
regression

(retain predictors with P 
< 0.25)

Multivariate logistic
regression – reduced
model

(retain predictors with P 
< 0.05)

β β Odds
ratio
(CI95%)

P
value

β Odds
ratio
(CI95%)

P
value

Log (Distance) -0.02 -0.07 0.93
(0.89–
0.97)

0.000 -0.08 0.93
(0.89–
0.97)

0.000

Log (Lead time) 0.16 0.24 1.27
(1.14–
1.41)

0.000 0.33 1.39
(1.23–
1.56)

0.000

Log (Number of
consultations scheduled in
previous year)

  -0.06 0.94
(0.88–
0.99)

0.031 -0.09 0.91
(0.83–
0.99)

0.046

Number of no-shows to
consultations in previous
year

0.03 0.07 1.08
(1.03–
1.12)

0.001 0.09 1.10
(1.04–
1.16)

0.001

Log (Number of exams
scheduled in previous year)

-0.02 -0.04 0.96
(0.93–
0.99)

0.009 -0.05 0.95
(0.91–
0.99)

0.018

Ref. reference group, Predictors with a P value no more than 0.25 in the univariate logistic regression
analysis were included in the multivariate logistic regression analysis

Table 2 here.

The penalized logistic regression model kept eight significant no-show predictors. Fourteen predictors
appeared as statistically significant in the univariate logistic regression and included in the multivariate,
which retained 11 in the final model (Table 2).

Using results in Table 2, we verified that both penalized and multivariate logistic regression models
displayed the same discrimination power between patients in show and no-show classes. No significant
differences were found between AUC values for the penalized logistic regression and the multivariate
logistic model in the training portion (P = 0.907; Fig. 2A) and test portions (P = 0.949; Fig. 2B). Both
models also presented similar AUC, sensitivity, specificity, PPV and NPV values in the cross validation
(Table 3). To select the best prediction model to patients’ no-show in future CT appointments we applied
the principle of parsimony (i.e. simpler models should be chosen over more complex ones), since the both
models displayed similar performance [20].

Figure 2. (A) ROC curves for no-show prediction in the training portion; (B) ROC curves for no-show
predictions in the test portion
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Table 3
Classification metrics obtained through cross-validation

Metrics Penalized logistic regression Multivariate logistic regression

AUC 0.716 ± 0.014 0.720 ± 0.016

Sensitivity 0.728 ± 0.044 0.756 ± 0.090

Specificity 0.570 ± 0.025 0.573 ± 0.095

PPV 0.108 ± 0.009 0.115 ± 0.015

NPV 0.967 ± 0.005 0.971 ± 0.007

AUC area under the curve, PPV positive predictive value, NPV negative predictive value

The eight predictors of no-show to CT exam appointments selected by the penalized logistic regression
model are: race, marital status, month, number of no-shows to exams and consultations in the previous
year, distance, lead-time and number of exams scheduled in previous year. Predictors with positive
(negative) associated regression coefficients are indicators of higher (lower) no-show probability.
Analyzing the categorical predictors, we conclude that patients with higher no-show probabilities are non-
white, with appointments scheduled for June, with 1, 2, 3 or more no-shows to exams in the previous year.
Patients with smaller no-show probabilities are those married or divorced and scheduled for the months
of October, November and December (Table 2).

Analyzing results for the continuous predictors (Table 2), we verify that the no-show probability decreases
with the increase in distance values and in the number of exams scheduled in the previous year. In
opposition, no-show probability increases with the rise in lead time and number of no-shows in
consultations in the previous year. We present as Additional file an example of practical application of the
chosen prediction model using information of a hypothetical patient (see Additional file 3).

The Hosmer–Lemeshow test validated the penalized logistic regression model applied to the test portion
of the dataset, i.e., the difference between the observed and predicted probabilities was not significant (P 
= 0.135). Observed and predicted probabilities to each decile of the test portion are presented in Table 4.
The cut-off point in the ROC curve for the test portion was 0.0645 or (6.45%). Using that threshold value,
we obtained the confusion matrix displayed in Table 5. The chosen prediction model presented a
sensitivity of 0.786, specificity of 0.616, PPV of 0.118 and NPV of 0.978.
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Table 4
Observed and predicted probabilities for each decile in the

test portion
Decile Observed probabilities Predicted probabilities

1 0.000 0.006

2 0.008 0.013

3 0.012 0.024

4 0.024 0.037

5 0.048 0.049

6 0.052 0.060

7 0.067 0.072

8 0.080 0.086

9 0.100 0.106

10 0.222 0.161

Table 5
Confusion matrix for the penalized logistic regression model in the test portion
Real Predicted  

No-show Show Total

No-show True positives (TP): 121 False positives (FP): 33 154

Show False negatives (FN): 906 True negatives (TN): 1,455 2,361

Total 1,027 1,488  

Discussion
The no-show rate to CT exams found in this study (6.65%) is close to those observed in studies carried
out using radiology department datasets from countries such as the United States − 7.70% [3] and 7.50%
[21] - and Australia − 6.50% [15], which reinforces no-show to exams of CT as a global problem and a
challenge to be faced by healthcare systems’ managers.

No-show predictors appearing as significant in this study were also observed in previous works. Other
studies also identified non-white patients as more likely to not show up [3, 9]. In the penalized logistic
regression model, the predictor with largest regression coefficient (and therefore largest contribution to
no-show) was the month of June. That may be related to the fact that in the Southern hemisphere winter



Page 18/25

begins in June. This effect is consistent with that observed in a Danish radiology department, in which
winter was associated with larger no-show probabilities [22].

The month for which exam is scheduled also appeared as a risk factor in other studies dealing with no-
show [14, 23]. In a study conducted at a university hospital in South America [23], it also was found that
patients scheduled for the month of June were more likely not to show up at consultations in opposition
to consultations scheduled for November, in which patients were found more likely to show up. However,
two results do not agree with our findings; namely: (i) patients scheduled for the month of December were
more likely not to show up; (ii) October was not significant month for no-show prediction [23].

The predictor number of no-shows to exams in the previous year is positively related to no-show,
indicating that past no-show behavior is carried onto future appointments, as observed in previous
studies [3, 24]. Likewise, the number of no-shows in consultations in the previous year was found
statistically significant and positively associated to no-show in previous works [13, 15, 25].

Previous studies also negatively related the no-show probability with distance traveled by patients to
reach the healthcare unit [2, 23, 26]. In our model, there are two possible explanations for this variable’s
behavior: first, most appointments made for the year 2017 (58%) are for patients from other cities for
which free transportation is provided by their municipalities; second, patients lack other options of
specialized radiology services in their hometowns. Other studies also positively related the no-show
probability with the lead time between scheduling a medical appointment and getting it [2, 7, 11].

The present study contributes to the statistical modeling of no-show by investigating a new predictor,
number of exams scheduled in the previous year. The predictor appeared significant and negatively
correlated to the probability of no-show; i.e., the larger the number of exams scheduled in the previous
year, the smaller the probability of no-show in new appointments; thereby agreeing with the perceptions
of radiology department managers, who argue that patients requiring a more rigorous monitoring of
healthcare treatments usually schedule more exams and are less likely to not show up.

On the other hand, predictors identified as non-significant in our work displayed similar behavior in
previous studies; more specifically, gender [2, 27]; schooling [28]; cancer [15]; day [2, 16, 23, 25]; shift of
the appointment [14, 16]; age [2, 11]; and number of consultations scheduled in previous year [29].

This work contributes to the existing literature on no-show modeling in Radiology [3, 9, 15, 21, 22, 24, 30–
33] in several ways. First, by corroborating findings on no-show predictors in previous works and
compiling such results (see Additional file 4: Table S3). Second, previous studies only investigated the
use of traditional logistic regression. Here, we extend the analysis to include the penalized logistic
regression which proved to be a less complex modeling alternative, more robust to new data and with
results that are more easily interpreted and applied in practice. The penalized logistic regression had been
previously applied in the modeling of no-show [17, 18] but not in the context of a Radiology department.
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The use of a predictive model for patient no-show as presented in this work has implications to the
allocation of CT resources. A high sensitivity model presents less false positives (patients wrongly
classified as show) but higher proportion of false negatives (patients wrongly classified as no-show).
That allows reducing the idleness in the use of CT resources, but overloads the system as many patients
classified as no-show would appear for exams. A high specificity model, on the other hand, would not
overload the system, but promote idleness in CT resources. The determination of the cut-off point in the
ROC graph allows balancing the relationship between sensitivity and specificity, which was the course of
action adopted here.

The findings in this study are also relevant to managers of radiology services in public institutions since
the ability to predict patient no-shows to exams allows the planning of counteractions that improve
results and minimize lost revenues [3]. Data released by the World Health Organization [34] show that in
Brazil, public spending on health as a percentage of the Gross Domestic Product (GDP) remained
practically stable (below 10%) between the years 2000 and 2017 (Additional file 4: Figure S1) and smaller
than other countries such as France, which also has a universal and public health system. Low
investment in public health limits capacity expansion penalizing users of the system, especially in the
case of diagnostic imaging installations that have high fixed costs related to equipment, and the need for
specialized staff to operate them. Thus, adopting measures to reduce no-show rates is one of the main
strategies to increase access to exams. That is a critical step towards improving the quality of health
care, especially considering that CT exams allows a more effective planning of care to patients, indicates
the need for surgical interventions, reduces exploratory surgeries, improves the monitoring and treatment
of cancer, guides the treatment of common injuries (injury, stroke, heart disease), and reduce the length of
hospital stay [35].

Among possible actions to reduce the no-show of patients to CT exams in the analyzed department, we
list the utilization of overbooking and reaching patients through text messages in the days leading up to
the exam appointment. The use of text message reminders (Short Message Service - SMS) proved to be
an effective strategy to decrease the no-show rate in a Radiology department [36]. However, the authors
sent SMS notifications to all patients with scheduled appointments. Using the model presented in this
work, it is possible to intensify the communication with patients more likely not to attend to the exams.
The use of social media may also be considered for sending reminders, promoting awareness campaigns
on the importance of exams and the impact of no-shows on the system. In Brazil, approximately 71% of
the population are Internet users, of which 66% have active social media profiles [37].

We finalize by pointing some limitations in our study. First, results cannot be generalized to other
healthcare units or regions in the country, since the dataset analyzed was obtained from a single
radiology department of a public hospital located in the south of Brazil. Second, improvements in the
predictive power of the model obtained here are constrained by data availability. Future research
directions include the integration of results obtained in this study to exams scheduling systems and the
analysis of counteractive initiatives to mitigate the impacts of patients’ no-show in the radiology
department analyzed here.
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Conclusions
This study demonstrated that penalized logistic regression can be used to predict outpatient no-show to
CT scan exams, considering information related to patients’ sociodemographic and clinical conditions as
well as scheduling characteristics.

We verified that patients with higher no-show probabilities are non-white, scheduled for June, with 1, 2, 3,
or more no-shows in exams scheduled in the previous year, who reside closer to the study unit, present the
smallest number of exams scheduled in the previous year, with larger lead times and number of no-shows
in consultations in the previous year.

Results obtained here may subsidize strategies to mitigate the negative impacts of patients’ no-show and
improve the efficiency of operations in radiology departments.
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Figure 1

Flow-chart of patient selection process

Figure 2

(A) ROC curves for no-show prediction in the training portion; (B) ROC curves for no-show predictions in
the test portion
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