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Developing a Clinical Prediction Score: Comparing 
Prediction Accuracy of Integer Scores to Statistical 
Regression Models
Vigneshwar Subramanian, BA,* Edward J. Mascha, PhD,† and Michael W. Kattan, PhD‡   

Researchers often convert prediction tools built on statistical regression models into integer scores 
and risk classification systems in the name of simplicity. However, this workflow discards useful 
information and reduces prediction accuracy. We, therefore, investigated the impact on prediction 
accuracy when researchers simplify a regression model into an integer score using a simulation 
study and an example clinical data set. Simulated independent training and test sets (n = 1000) 
were randomly generated such that a logistic regression model would perform at a specified target 
area under the receiver operating characteristic curve (AUC) of 0.7, 0.8, or 0.9. After fitting a logistic 
regression with continuous covariates to each data set, continuous variables were dichotomized 
using data-dependent cut points. A logistic regression was refit, and the coefficients were scaled and 
rounded to create an integer score. A risk classification system was built by stratifying integer scores 
into low-, intermediate-, and high-risk tertiles. Discrimination and calibration were assessed by calcu-
lating the AUC and index of prediction accuracy (IPA) for each model. The optimism in performance 
between the training set and test set was calculated for both AUC and IPA. The logistic regression 
model using the continuous form of covariates outperformed all other models. In the simulation 
study, converting the logistic regression model to an integer score and subsequent risk classification 
system incurred an average decrease of 0.057–0.094 in AUC, and an absolute 6.2%–17.5% in IPA. 
The largest decrease in both AUC and IPA occurred in the dichotomization step. The dichotomization 
and risk stratification steps also increased the optimism of the resulting models, such that they 
appeared to be able to predict better than they actually would on new data. In the clinical data set, 
converting the logistic regression with continuous covariates to an integer score incurred a decrease 
in externally validated AUC of 0.06 and a decrease in externally validated IPA of 13%. Converting 
a regression model to an integer score decreases model performance considerably. Therefore, we 
recommend developing a regression model that incorporates all available information to make the 
most accurate predictions possible, and using the unaltered regression model when making predic-
tions for individual patients. In all cases, researchers should be mindful that they correctly validate 
the specific model that is intended for clinical use. (Anesth Analg 2021;132:1603–13)

GLOSSARY
AIC = Akaike information criterion; ARISCAT = Assess Respiratory Risk in Surgical Patients in 
Catalonia; AUC = area under the receiver operating characteristic curve; ICU = intensive care unit; 
IPA = index of prediction accuracy; LASSO = least absolute shrinkage and selection operator; 
MCSE = Monte Carlo standard error; ROC = receiver operating characteristic; SD = standard devia-
tion; SE = standard error; TRIPOD = Transparent Reporting of a multivariable prediction model for 
Individual Prognosis Or Diagnosis; WBC = white blood cell count

When designing statistical prediction models 
for clinician use, a key consideration is ease 
of use and interpretability. Clinicians are 

hesitant to use a model that requires too many inputs 
or is difficult to understand. Presumably for these 
reasons, medical researchers often develop a regres-
sion model using a chosen set of predictors and trans-
form it into an integer score.1–9 To achieve an integer 
score, a common approach is to categorize continuous 
covariates on the basis of some “optimal” cut points, 
which are frequently selected from univariate analy-
ses. A regression model is fitted to the categorized 
inputs, and the regression coefficients are scaled by 
an arbitrary factor and rounded to the nearest integer. 
The integer score is the sum of present coefficients. 
Patients may subsequently be stratified into risk 
groups (eg, low, intermediate, and high risk) by sepa-
rating them into quantiles based on the distribution of 
mapped risks.
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This approach has several perceived advantages. 
Critically, it is practical because it ensures that the 
scoring function produces a nonnegative integer, 
which can be calculated by summing the weights 
of each predictor that is present for a given patient. 
Integer scores can also be mapped to predicted prob-
abilities using a lookup table or computer. If there are 
only a few predictors, clinicians can often calculate 
the score by hand.

However, each step in this workflow theoretically 
reduces prediction accuracy. Categorizing variables, 
particularly if continuous, discards useful informa-
tion and decreases power.10,11 Rounding scaled coeffi-
cients to integers introduces a small error.12 Stratifying 
patients into broad risk categories decreases the gran-
ularity of predictions.13 Models developed in this 
manner often generalize more poorly than expected 
to new patients (ie, they are overly optimistic).14 
Moreover, researchers often mistakenly assume that 
the predictive accuracy of the integer score is equiva-
lent to that of the underlying regression, and there-
fore report the wrong metrics when evaluating model 
performance.

In this article, we empirically illustrate the conse-
quences of converting a regression model to an inte-
ger score. Specifically, we use simulated data to build 
logistic regression models and show how perfor-
mance changes after dichotomizing variables, round-
ing regression coefficients, and stratifying into risk 
categories. We also use a clinical data set from a pub-
lished risk model15 to illustrate the effect of simplify-
ing to an integer score on model performance. Finally, 
we discuss these issues in the context of the Assess 
Respiratory Risk in Surgical Patients in Catalonia 
(ARISCAT) tool, a risk score for postoperative pul-
monary complications after surgery,1 and its external 
validation.16

METHODS
Data Simulation
We first simulated 3 series of sample data. Initially, 5 
binary predictors and 2 continuous predictors were 
specified. Binary variables were assumed to be bino-
mially distributed, and continuous variables were 
assumed to be normally distributed. Distributional 
assumptions and relevant parameters are listed in 
Supplemental Digital Content 1, Table 1, http://
links.lww.com/AA/D323 (N= 1000 for each of 1000 
simulation runs for each target AUC [0.70, 0.80, 0.90]. 
A random deviate was drawn for all predictors [X1 
through X7] within each sample. Outcome data [Y] 
was estimated from a logistic regression with log-odds 
displayed above, with a multiplier applied to approxi-
mate the target AUC. Distributional assumptions 
were identical for simulations 1 and 2 [base + varying 
sample sizes]. In simulation 3, the correlation between 

predictors was varied. In simulation 4, the number of 
continuous and binary predictors was varied. SD: stan-
dard deviation. P[X=1]: probability that X = 1.). Binary 
outcome data were simulated as follows: probability of 
outcome was generated from a logistic regression with 
predictor odds ratios varying from 0.37 to 12.2; a mul-
tiplier was applied such that a logistic regression fitted 
to the data would have an area under the receiver oper-
ating characteristic curve (AUC) approximately equal 
to a specified target: 0.7, 0.8, or 0.9; the outcome was 
drawn from a binomial distribution with the modified 
probability. For each value of target AUC, we gener-
ated 1000 independent training data sets, each with 
1000 observations, using a random seed. We also gen-
erated 1000 independent test data sets, each with 1000 
observations, to validate the models.

Model Development
Prediction models were built sequentially on simu-
lated data as follows. First, a logistic regression model 
was fitted to each training set, with continuous covari-
ates retained as continuous. A risk classification sys-
tem was built by stratifying predicted probabilities for 
the training set obtained from this logistic regression 
into low-, medium-, and high-risk tertiles. Continuous 
covariates were then dichotomized through uni-
variate receiver operating characteristic (ROC) curve 
analyses. Cut points were selected as the value that 
maximized the sum of sensitivity and specificity (the 
Youden17 J-statistic) over all possible cut point values 
from the observations specific to each data set. This 
method is not optimal in practice for multiple rea-
sons: it may result in sensitivities and specificities far 
different from each other18; cut points are data-depen-
dent and may not generalize well to other samples; 
and the cut points that maximize AUC in univariate 
analyses likely differ from those that maximize AUC 
in a multivariable model. However, it is commonly 
done in the literature,7–9,19 and it serves our purposes 
here for comparing methods. For each data set, a sec-
ond logistic regression was subsequently fitted to 
the dichotomized inputs to serve as the underlying 
model for the integer score. As is done in practice, 
reference levels for each binary covariate were speci-
fied such that all regression coefficients were positive, 
to achieve a nonnegative score. An integer score was 
developed by scaling and summing the regression 
coefficients from the logistic regression model with 
dichotomized covariates. Each regression coefficient 
was divided by the magnitude of the smallest coef-
ficient, then rounded to the nearest integer. Thus, the 
covariate with the smallest regression coefficient con-
tributed 1 point to the integer score, and the weights 
of the other covariates were scaled accordingly. This 
resulted in scores ranging from 0 points, if no covari-
ate was present, to some maximum positive integer, 
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if all covariates were present. Integer scores were 
mapped to predicted probabilities by multiplying the 
score by the magnitude of the smallest coefficient (to 
return to the original scale), adding the intercept term, 
and taking the inverse logit. A second risk classifica-
tion model was built by stratifying predicted prob-
abilities mapped from integer scores for the training 
set into tertiles, representing low, intermediate, and 
high risks.

Model Performance
Each model was externally validated on an indepen-
dent test set. For models built on dichotomized inputs, 
continuous covariates in the test set were dichotomized 
using the cut points derived from the training set. 
Model discrimination and calibration were assessed by 
calculating the AUC and the index of prediction accu-
racy (IPA). The AUC is a commonly reported measure 
of model discrimination.20 The IPA is a rescaling of 
the Brier score, calculated as 1 − (model Brier score/
null model Brier score), that reflects both discrimina-
tion and calibration. An IPA of 100% indicates a per-
fect model; 0% indicates a useless model, that is, the 
null model (model with no predictors) that predicts 
the event prevalence for all cases; and a negative value 
indicates a harmful model, that is, a model that per-
forms worse than the null model.21 Optimism in model 
performance between the training and test set was 
also assessed for both the AUC and the IPA by taking 
the difference between the metric as estimated in the 
training set and the metric as estimated in the test set. 
Monte Carlo standard errors (MCSEs) were estimated 
for AUC, IPA, and the optimism in each metric.

Simulated Scenarios
The above workflow was repeated 4 times to investi-
gate the broader generalizability of findings under a 
variety of scenarios. In the base simulation, as described 
above, each data set had 1000 observations (n = 1000), 
all predictors were assumed to be independent (r = 0), 
and 2 continuous and 5 binary predictors were incorpo-
rated. Each subsequent simulation varied 1 condition. 
In the second simulation, sample size was varied from 
the base simulation: 1000 training and 1000 test data 
sets with n = 200 and n = 500 observations, respectively, 
were generated. In the third simulation, the correlation 
between predictors was varied from the base simula-
tion: 1000 training and 1000 test data sets with r = 0.10 
and r = 0.30, respectively, were generated. In the fourth 
simulation, the ratio of continuous to binary predictors 
was varied from the base simulation: 1000 training and 
1000 test data sets with 5 continuous and 2 binary pre-
dictors, or 7 continuous predictors, respectively, were 
generated. In all 4 simulations, models were built, and 
performance was assessed on the basis of AUC, IPA, 
and optimism, as described previously.

Application of Methods to Study of Early 
Prediction of Prognosis in Elderly Acute Stroke 
Patients
Bautista et al15 developed a risk score to predict in-
hospital mortality in elderly acute stroke patients. We 
refer the reader to their publication for a complete 
explanation of methods. In brief, Bautista et al15 col-
lected data for 2 cohorts. The first sample consisted of 
baseline clinical data (defined as data available within 
12 hours of hospital admission) for 584 elderly stroke 
patients (age ≥65 years) admitted to the intensive care 
unit (ICU) from the years 2005 to 2009. Bautista et al15 
split this sample into a training and a test subsample, 
fit a logistic regression model with potential predictors 
to the training subsample, and used backward variable 
selection based on Akaike information criterion (AIC) 
to select the final predictors. Stroke type and admission 
year were forced into the final model by default. The 
model was validated internally on the test subsample 
and externally on a second cohort of elderly stroke 
patients admitted to the ICU from 2016 to 2017. The 
second cohort only contained data for the final pre-
dictors. Of note, Bautista et al15 did not scale or round 
regression coefficients to create an integer score.

We use the 2 samples (2005–2009 and 2016–2017) 
from Bautista et al15 to illustrate the change in per-
formance when simplifying a regression model to an 
integer score. First, we fit 2 logistic regression mod-
els using all of the data from the 2005 to 2009 sample 
compared to the training subsample used in Bautista 
et al.15 With the exception of admission year, all of 
the covariates initially considered by Bautista et al15 
were included, with restricted cubic splines fit to all 
continuous covariates to relax the assumption of non-
linearity. We performed Wald tests to check whether 
linearity was an appropriate assumption for each con-
tinuous covariate. We compared the results of back-
ward variable selection based on AIC to the results 
obtained on the training subsample in Bautista et al.15 
We then fitted a logistic regression model with con-
tinuous covariates retained to the entire 2005–2009 
sample, using only the covariates that were also avail-
able in the 2016–2017 sample. This was done to allow 
us to externally validate the models. We dichoto-
mized continuous covariates using cut points that 
maximized the Youden17 J-statistic in univariate ROC 
analyses as described previously, with the exception 
of white blood cell count (WBC), which was dichoto-
mized at 11,000, the cut point used in Bautista et al.15 
We fit another logistic regression model to the dichot-
omized inputs and scaled and rounded the regression 
coefficients to obtain an integer score, as discussed in 
section “Model Development.” Finally, we internally 
validated the models by estimating bootstrap opti-
mism-corrected AUC and IPA using 1000 bootstraps 
of the 2005–2009 sample, and externally validated 
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the models by estimating AUC and IPA using the 
2016–2017 sample. In brief, bootstrap validation was 
performed by refitting the model to 1000 bootstrap 
samples, estimating AUC and IPA of each model using 
the bootstrap sample and the original sample, estimat-
ing optimism as the mean decrease in AUC and IPA, 
and subtracting the optimism estimate from AUC and 
IPA estimates obtained from the model fit to the origi-
nal sample.14 Confidence intervals for IPA were esti-
mated by rescaling estimates of the mean values and 
standard errors (SEs) of the Brier score of the model 
of interest and null model as follows: (1 − [mean null 
model Brier score estimate + upper ΔBrier]/mean 
null model Brier score estimate and 1 − [mean null 
model Brier score estimate + lower ΔBrier]/mean null 
model Brier score estimate). Upper ΔBrier and lower 
ΔBrier refer to the upper and lower estimates of the 
difference in Brier score between the model of interest 
and the null model at the specified confidence level, 
that is, mean full model Brier score – mean null model 
Brier score ± t1–α/2 × pooled SE.

Literature Study: Development and Validation  
of ARISCAT Risk Score
The ARISCAT risk score was developed to predict the 
risk of postoperative pulmonary complications, a com-
posite outcome of several fatal or nonfatal postopera-
tive events, after surgery. We refer to the publication 
by Canet et al1 for a complete explanation of methods. 
In brief, a sample consisting of 2464 patients undergo-
ing a range of procedures at 59 participating hospitals 
in Spain was randomly divided into a development 

subsample, with 66.6% of cases, and a validation sub-
sample, with 33.3% of cases. Potential predictors were 
identified and cut points for continuous variables were 
selected on the basis of investigators’ clinical consen-
sus. A logistic regression model was fitted using a 
backward stepwise selection procedure, and a sim-
plified risk score was calculated by multiplying each 
regression coefficient by 10 and rounding to the nearest 
integer. Discrimination and calibration were assessed 
by the AUC and the Hosmer-Lemeshow goodness-of-
fit statistic, respectively. In a subsequent study, Mazo et 
al16 externally validated the risk score using an external 
cohort of 5099 patients undergoing surgery at a num-
ber of hospitals throughout Spain, Western Europe, and 
Eastern Europe. Discrimination and calibration were 
assessed for the originally derived beta coefficients 
using the AUC and calibration slope, respectively.

Software
All analyses were conducted using R version 4.0.1 
(R Foundation for Statistical Computing, Vienna, 
Austria) with packages lava,22 riskRegression,23 rms,24 
boot,25,26 and cutpointr.27

RESULTS
Simulated Model Performance
Supplemental Digital Content 2, Figure 1, http://
links.lww.com/AA/D324, demonstrates the vari-
ability in model performance and optimism across 
replicates for each data series (Cumulative average 
of model performance and optimism across samples 
for simulations with target AUC of 0.70 [left], 0.80 

Table 1.  Simulated AUC, IPA, and Optimism by Model, Base Simulation

Model

AUC  
(mean ± SE) ΔAUC

Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

Target AUC 0.70
 CR 0.71 ± 0.00052 REF 0.0084 ± 0.0007 13 ± 0.067 REF 1.39 ± 0.092
 RT CR 0.68 ± 0.00052 −0.027 0.0354 ± 0.0007 10 ± 0.084 −3.2 4.58 ± 0.109
 DR 0.67 ± 0.00054 −0.038 0.0261 ± 0.0007 8 ± 0.064 −4.5 3.39 ± 0.087
 IS 0.67 ± 0.00054 −0.038 0.0261 ± 0.00069 8 ± 0.064 −4.5 3.39 ± 0.087
 RT IS 0.65 ± 0.00052 −0.057 0.0451 ± 0.00068 7 ± 0.07 −6.1 5.03 ± 0.094
Target AUC 0.80
 CR 0.8 ± 0.00043 REF 0.0054 ± 0.0006 26 ± 0.078 REF 1.26 ± 0.108
 RT CR 0.76 ± 0.00043 −0.035 0.0402 ± 0.00059 22 ± 0.083 −3.5 4.71 ± 0.112
 DR 0.75 ± 0.00048 −0.049 0.0195 ± 0.00063 18 ± 0.078 −7.7 3.41 ± 0.105
 IS 0.75 ± 0.00048 −0.049 0.0194 ± 0.00063 18 ± 0.078 −7.8 3.4 ± 0.105
 RT IS 0.72 ± 0.00048 −0.076 0.0465 ± 0.00064 16 ± 0.083 −10 6.04 ± 0.111
Target AUC 0.90
 CR 0.9 ± 0.00030 REF 0.0034 ± 0.00041 48 ± 0.083 REF 1.18 ± 0.117
 RT CR 0.86 ± 0.00034 −0.039 0.0424 ± 0.00045 43 ± 0.08 −5 6.17 ± 0.113
 DR 0.84 ± 0.00042 −0.058 0.0141 ± 0.00055 35 ± 0.095 −13 3.48 ± 0.127
 IS 0.84 ± 0.00042 −0.058 0.0141 ± 0.00055 35 ± 0.096 −13 3.47 ± 0.127
 RT IS 0.81 ± 0.00043 −0.094 0.0502 ± 0.00056 31 ± 0.094 −18 7.75 ± 0.125

Base case (n = 1000, independent predictors, 2 continuous and 5 binary predictors). AUC, IPA, and their respective optimism were estimated for the 1000 train-
ing and test sets in each of the 3 simulated data series (target AUC 0.70, 0.80, and 0.90). Mean metric, change in mean metric across each subsequent step, 
and mean optimism are shown. Optimism is defined as the difference between the metric estimated by applying the model to the original training set and the 
metric estimated by applying the model to the independent test set.
Abbreviations: ΔAUC, difference in AUC from regression retaining continuous variables; ΔIPA, difference in IPA from regression retaining continuous variables; 
AUC, area under the receiver operating characteristic curve; CR, continuous regression; DR, dichotomized regression; IPA, index of prediction accuracy; IS, integer 
score; REF, reference; RT CR, risk tertiles from continuous regression; RT IS, risk tertiles from integer score; SE, standard error.
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[middle], and 0.90 [right]. a-c, cumulative average of 
AUC; d-f, cumulative average of IPA; g-i, cumulative 
average of optimism in AUC; j-l, cumulative average 
of optimism in IPA. Results for the regression model 
with dichotomized variables were omitted for visual 
clarity, as they overlapped entirely with their coun-
terparts for the integer score. AUC: area under the 
receiver operating characteristic curve; IPA: index of 
prediction accuracy.). Monte Carlo estimates were 
reasonably stable after 250 iterations for every model 
in all of the simulations. Tables  1–4 present mean ± 
MCSE estimates of AUC, IPA, optimism in AUC and 
IPA, and the change in each metric between each step 

of model development for each respective simulation. 
Overall, the logistic regression model retaining con-
tinuous covariates outperformed all other models in 
both AUC and IPA. Optimism was also smallest for 
the logistic regression model retaining continuous 
covariates. The largest drop in model performance 
was observed in the dichotomization step; conversely, 
rounding regression coefficients to generate an inte-
ger score after the dichotomization step had little to 
no impact on model performance. Boxplots of mean 
AUC and mean IPA for each series across each step of 
model development in all 4 simulations are depicted 
in the Figure.

Table 2.  Simulated AUC, IPA, and Optimism by Model, Varying Sample Size

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

n = 200
Target AUC 0.70
 CR 0.70 ± 0.00123 REF 0.0363 ± 0.0016 10 ± 0.176 REF 6.68 ± 0.241
 RT CR 0.67 ± 0.00119 −0.025 0.0614 ± 0.00157 7 ± 0.195 −2.6 9.25 ± 0.257
 DR 0.65 ± 0.00134 −0.043 0.077 ± 0.00161 5 ± 0.189 −5.4 12.08 ± 0.254
 IS 0.65 ± 0.00134 −0.043 0.0769 ± 0.00161 5 ± 0.189 −5.5 12.07 ± 0.254
 RT IS 0.64 ± 0.00128 −0.059 0.0931 ± 0.00155 3 ± 0.192 −6.8 13.35 ± 0.252
Target AUC 0.80
 CR 0.78 ± 0.00106 REF 0.028 ± 0.00141 23 ± 0.199 REF 6.65 ± 0.276
 RT CR 0.75 ± 0.00108 −0.035 0.0634 ± 0.00143 20 ± 0.209 −3.2 9.86 ± 0.28
 DR 0.73 ± 0.0012 −0.054 0.0638 ± 0.0015 14 ± 0.214 −8.7 12.62 ± 0.292
 IS 0.73 ± 0.0012 −0.054 0.0637 ± 0.0015 14 ± 0.215 −8.8 12.58 ± 0.292
 RT IS 0.71 ± 0.00117 −0.079 0.0885 ± 0.00147 12 ± 0.21 −11 14.65 ± 0.281
Target AUC 0.90
 CR 0.89 ± 0.00075 REF 0.0178 ± 0.00095 46 ± 0.213 REF 6.26 ± 0.281
 RT CR 0.85 ± 0.00084 −0.04 0.0577 ± 0.00104 41 ± 0.199 −4.4 10.64 ± 0.265
 DR 0.83 ± 0.00103 −0.062 0.044 ± 0.00122 32 ± 0.24 −14 11.51 ± 0.303
 IS 0.83 ± 0.00103 −0.062 0.044 ± 0.00122 32 ± 0.242 −14 11.5 ± 0.304
 RT IS 0.8 ± 0.00103 −0.098 0.0794 ± 0.00123 28 ± 0.227 −18 15.3 ± 0.285

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

n = 500

Target AUC 0.70
 CR 0.71 ± 0.00075 REF 0.0159 ± 0.00101 12 ± 0.1 REF 2.77 ± 0.138
 RT CR 0.68 ± 0.00071 −0.027 0.0428 ± 0.00098 9 ± 0.115 −3.1 5.85 ± 0.154
 DR 0.67 ± 0.00078 −0.039 0.0408 ± 0.00099 8 ± 0.098 −4.6 5.77 ± 0.136
 IS 0.67 ± 0.00078 −0.039 0.0408 ± 0.00099 8 ± 0.099 −4.7 5.76 ± 0.136
 RT IS 0.65 ± 0.00074 −0.056 0.0585 ± 0.00096 6 ± 0.104 −6.2 7.27 ± 0.143
Target AUC 0.80
 CR 0.79 ± 0.00062 REF 0.0113 ± 0.00085 25 ± 0.114 REF 2.63 ± 0.158
 RT CR 0.76 ± 0.00064 −0.035 0.0462 ± 0.00087 22 ± 0.124 −3.4 6.04 ± 0.166
 DR 0.74 ± 0.0007 −0.05 0.032 ± 0.00092 17 ± 0.118 −7.9 5.94 ± 0.163
 IS 0.74 ± 0.0007 −0.05 0.032 ± 0.00092 17 ± 0.119 −8 5.94 ± 0.163
 RT IS 0.72 ± 0.00068 −0.077 0.0587 ± 0.00091 15 ± 0.12 −11 8.51 ± 0.164
Target AUC 0.90
 CR 0.90 ± 0.00044 REF 0.0071 ± 0.00062 48 ± 0.127 REF 2.45 ± 0.177
 RT CR 0.86 ± 0.0005 −0.039 0.0462 ± 0.00067 43 ± 0.119 −4.8 7.28 ± 0.168
 DR 0.84 ± 0.00058 −0.06 0.0226 ± 0.00077 34 ± 0.135 −13 5.67 ± 0.184
 IS 0.84 ± 0.00058 −0.06 0.0225 ± 0.00077 34 ± 0.135 −13 5.66 ± 0.184
 RT IS 0.80 ± 0.0006 −0.095 0.0581 ± 0.00079 30 ± 0.132 −18 9.78 ± 0.182

Varying sample size (n = 200, 500, independent predictors, 2 continuous and 5 binary predictors). AUC, IPA, and their respective optimism were estimated for 
the 1000 training and test sets in each of the 3 simulated data series (target AUC 0.70, 0.80, and 0.90). Mean metric, change in mean metric across each sub-
sequent step, and mean optimism are shown. Optimism is defined as the difference between the metric estimated by applying the model to the original training 
set and the metric estimated by applying the model to the independent test set. 
Abbreviations: ΔAUC, difference in AUC from regression retaining continuous variables; ΔIPA, difference in IPA from regression retaining continuous variables; 
AUC, area under the receiver operating characteristic curve; CR, continuous regression; DR, dichotomized regression; IPA, index of prediction accuracy; IS, integer 
score; REF, reference; RT CR, risk tertiles from continuous regression; RT IS, risk tertiles from integer score; SE, standard error.
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Base Simulation (n = 1000, r = 0;  
2 Continuous + 5 Binary Predictors)
In the first simulation (Table 1; Figure A), with target 
AUC of 0.70, 0.80, and 0.90, respectively, the contin-
uous regression had a mean ± MCSE AUC of 0.71 ± 
0.00052, 0.80 ± 0.00043, and 0.90 ± 0.00030; a mean IPA 
of 13% ± 0.067%, 26% ± 0.078%, and 48% ± 0.083%; an 
observed optimism in AUC of 0.008 ± 0.00070, 0.019 
± 0.00060, and 0.003 ± 0.00041; and an observed opti-
mism in IPA of 1.4% ± 0.09%, 1.3% ± 0.11%, and 1.2% ± 
0.12%. The total loss in model performance when going 
from the logistic regression model retaining continu-
ous variables to the risk stratification model built on 

the integer score was a decrease in mean AUC of 0.057, 
0.076, and 0.094, and a decrease in mean IPA of 6.2%, 
10.4%, and 17.5% in each simulation, respectively.

Simulation Varying Sample Size (n = 200, n = 500)
In the second simulation (Table 2; Figure B, C), in the  
n = 200 condition, with target AUC of 0.70, 0.80, and 
0.90, respectively, the continuous regression had a 
mean AUC of 0.70, 0.78, and 0.89; a mean IPA of 10%, 
23%, and 46%; and an observed optimism in AUC of 
0.0363, 0.028, and 0.0178; and an observed optimism  
in IPA of 6.68%, 6.65%, and 6.26%. In the n = 500 con-
dition, the continuous regression had a mean AUC of 

Table 3.  Simulated AUC, IPA, and Optimism by Model, Varying Correlation

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(Mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

r = 0.10

Target AUC 0.70
 CR 0.69 ± 0.00052 REF 0.0108 ± 0.00075 11 ± 0.062 REF 1.65 ± 0.092
 RT CR 0.67 ± 0.00052 −0.025 0.0358 ± 0.00074 8 ± 0.081 −3.1 4.76 ± 0.111
 DR 0.66 ± 0.00055 −0.035 0.0279 ± 0.00074 7 ± 0.062 −3.8 3.46 ± 0.088
 IS 0.66 ± 0.00055 −0.035 0.0279 ± 0.00074 7 ± 0.061 −3.9 3.46 ± 0.088
 RT IS 0.64 ± 0.00052 −0.052 0.045 ± 0.00072 6 ± 0.065 −5.3 4.89 ± 0.094
Target AUC 0.80
 CR 0.81 ± 0.00043 REF 0.0059 ± 0.0006 28 ± 0.082 REF 1.39 ± 0.115
 RT CR 0.77 ± 0.00044 −0.036 0.0415 ± 0.0006 25 ± 0.086 −3.6 4.94 ± 0.118
 DR 0.76 ± 0.00049 −0.05 0.0193 ± 0.00066 20 ± 0.084 −8.3 3.57 ± 0.116
 IS 0.76 ± 0.00049 −0.05 0.0193 ± 0.00066 20 ± 0.084 −8.4 3.57 ± 0.116
 RT IS 0.73 ± 0.0005 −0.079 0.0479 ± 0.00067 17 ± 0.088 −11 6.45 ± 0.121
Target AUC 0.90
 CR 0.89 ± 0.00031 REF 0.0032 ± 0.00045 47 ± 0.082 REF 1.06 ± 0.12
 RT CR 0.85 ± 0.00035 −0.039 0.0420 ± 0.00048 42 ± 0.08 −4.8 5.85 ± 0.117
 DR 0.84 ± 0.00041 −0.057 0.0140 ± 0.00055 34 ± 0.092 −13 3.32 ± 0.126
 IS 0.84 ± 0.00041 −0.057 0.0140 ± 0.00055 34 ± 0.093 −13 3.32 ± 0.126
 RT IS 0.80 ± 0.00043 −0.093 0.0499 ± 0.00057 30 ± 0.094 −17 7.53 ± 0.127

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

r = 0.30

Target AUC 0.70
 CR 0.70 ± 0.00053 REF 0.0091 ± 0.00076 12 ± 0.065 REF 1.45 ± 0.094
 RT CR 0.67 ± 0.00052 −0.026 0.0349 ± 0.00075 9 ± 0.083 −3.1 4.58 ± 0.113
 DR 0.66 ± 0.00055 −0.036 0.0265 ± 0.00075 8 ± 0.063 −4.1 3.35 ± 0.092
 IS 0.66 ± 0.00055 −0.036 0.0264 ± 0.00075 8 ± 0.064 −4.1 3.34 ± 0.092
 RT IS 0.65 ± 0.00052 −0.054 0.0444 ± 0.00072 6 ± 0.068 −5.6 4.85 ± 0.096
Target AUC 0.80
 CR 0.80 ± 0.00044 REF 0.0060 ± 0.00061 27 ± 0.082 REF 1.39 ± 0.114
 RT CR 0.77 ± 0.00045 −0.035 0.0413 ± 0.00062 24 ± 0.089 −3.5 4.91 ± 0.12
 DR 0.75 ± 0.00049 −0.05 0.0199 ± 0.00066 19 ± 0.082 −8.1 3.61 ± 0.115
 IS 0.75 ± 0.00049 −0.05 0.0199 ± 0.00066 19 ± 0.083 −8.2 3.61 ± 0.115
 RT IS 0.73 ± 0.00049 −0.078 0.0477 ± 0.00066 16 ± 0.087 −11 6.41 ± 0.119
Target AUC 0.90
 CR 0.91 ± 0.0003 REF 0.0032 ± 0.00042 50 ± 0.085 REF 1.14 ± 0.12
 RT CR 0.87 ± 0.00034 −0.039 0.0422 ± 0.00046 44 ± 0.081 −5.1 6.26 ± 0.116
 DR 0.85 ± 0.0004 −0.058 0.0140 ± 0.00053 36 ± 0.095 −13 3.5 ± 0.126
 IS 0.85 ± 0.0004 −0.058 0.0140 ± 0.00053 36 ± 0.095 −14 3.49 ± 0.126
 RT IS 0.81 ± 0.00043 −0.095 0.0507 ± 0.00056 32 ± 0.095 −18 7.95 ± 0.127

Varying correlation (n = 1000, r = 0.10, r = 0.30; 2 continuous and 5 binary predictors). AUC, IPA, and their respective optimism were estimated for the 1000 
training and test sets in each of the 3 simulated data series (target AUC 0.70, 0.80, and 0.90). Mean metric, change in mean metric across each subsequent 
step, and mean optimism are shown. Optimism is defined as the difference between the metric estimated by applying the model to the original training set and 
the metric estimated by applying the model to the independent test set.
Abbreviations: ΔAUC, difference in AUC from regression retaining continuous variables; ΔIPA, difference in IPA from regression retaining continuous variables; 
AUC, area under the receiver operating characteristic curve; CR, continuous regression; DR, dichotomized regression; IPA, index of prediction accuracy; IS, integer 
score; REF, reference; RT CR, risk tertiles from continuous regression; RT IS, risk tertiles from integer score; SE, standard error.
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0.71, 0.79, and 0.90; a mean IPA of 12%, 25%, and 48%; 
an observed optimism in AUC of 0.0159, 0.0113, and 
0.0071; and an observed optimism in IPA of 2.77%, 
2.63%, and 2.45%.

Simulation Varying Correlations (r = 0.10, r = 0.30)
In the third simulation (Table 3; Figure D, E), in the  
r = 0.10 condition, with target AUC of 0.70, 0.80, and 
0.90, respectively, the continuous regression had a mean 
AUC of 0.69, 0.81, and 0.89; a mean IPA of 11%, 28%, and 
47%; an observed optimism in AUC of 0.0108, 0.0059, 
and 0.0032; and an observed optimism in IPA of 1.65%, 

1.39%, and 1.06%. In the r = 0.30 condition, the continu-
ous regression had a mean AUC of 0.70, 0.80, and 0.91; a 
mean IPA of 12%, 27%, and 50%; an observed optimism 
in AUC of 0.0091, 0.006, and 0.0032; and an observed 
optimism in IPA of 1.45%, 1.39%, and 1.14%.

Simulation Varying Ratio of Continuous to 
Binary Predictors
In the fourth simulation (Table 4; Figure F, G), in the 
condition with 5 continuous and 2 binary predictors, 
with target AUC of 0.70, 0.80, and 0.90, respectively, the 
continuous regression had a mean AUC of 0.70, 0.80, 

Table 4.  Simulated AUC, IPA, and Optimism by Model, Varying Number of Continuous Predictors

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

5 continuous predictors +2 binary predictors
Target AUC 0.70
 CR 0.70 ± 0.00055 REF 0.0092 ± 0.00077 10 ± 0.063 REF 1.38 ± 0.09
 RT CR 0.67 ± 0.00053 −0.026 0.0353 ± 0.00077 6 ± 0.09 −4.2 5.57 ± 0.12
 DR 0.66 ± 0.0006 −0.04 0.0418 ± 0.00077 6 ± 0.064 −4.5 4.85 ± 0.091
 IS 0.66 ± 0.0006 −0.041 0.0418 ± 0.00077 6 ± 0.065 −4.5 4.85 ± 0.092
 RT IS 0.64 ± 0.00058 −0.059 0.0607 ± 0.00076 4 ± 0.075 −6.3 6.61 ± 0.103
Target AUC 0.80
 CR 0.80 ± 0.00049 REF 0.0067 ± 0.00072 23 ± 0.088 REF 1.54 ± 0.13
 RT CR 0.76 ± 0.00049 −0.04 0.0468 ± 0.00072 15 ± 0.113 −7.8 9.31 ± 0.151
 DR 0.74 ± 0.00057 −0.058 0.036 ± 0.00076 14 ± 0.086 −9.2 5.73 ± 0.122
 IS 0.74 ± 0.00056 −0.058 0.0359 ± 0.00076 14 ± 0.086 −9.3 5.71 ± 0.122
 RT IS 0.72 ± 0.00055 −0.088 0.0650 ± 0.00075 10 ± 0.096 −13 9.19 ± 0.134
Target AUC 0.90
 CR 0.90 ± 0.00037 REF 0.0052 ± 0.00051 41 ± 0.107 REF 1.81 ± 0.15
 RT CR 0.84 ± 0.00042 −0.057 0.0626 ± 0.00055 27 ± 0.134 −14 15.8 ± 0.167
 DR 0.83 ± 0.0005 −0.072 0.0310 ± 0.00065 24 ± 0.107 −17 6.86 ± 0.145
 IS 0.83 ± 0.00051 −0.072 0.0310 ± 0.00065 24 ± 0.109 −17 6.85 ± 0.146
 RT IS 0.79 ± 0.00051 −0.11 0.0726 ± 0.00068 16 ± 0.127 −24 14.19 ± 0.171

Model
AUC  

(mean ± SE) ΔAUC
Optimism AUC  
(mean ± SE)

IPA  
(mean ± SE, %) ΔIPA (%)

Optimism  
IPA ± SE

7 continuous predictors

Target AUC 0.70
 CR 0.69 ± 0.00052 REF 0.0099 ± 0.00074 11 ± 0.063 REF 1.53 ± 0.091
 RT CR 0.67 ± 0.0005 −0.025 0.0352 ± 0.00073 8 ± 0.08 −3.1 4.6 ± 0.109
 DR 0.65 ± 0.00056 −0.043 0.0483 ± 0.00071 6 ± 0.065 −5.1 5.96 ± 0.09
 IS 0.65 ± 0.00056 −0.045 0.0479 ± 0.00071 5 ± 0.071 −5.5 5.93 ± 0.092
 RT IS 0.63 ± 0.00055 −0.065 0.0675 ± 0.00069 3 ± 0.086 −8 8.37 ± 0.104
Target AUC 0.80
 CR 0.80 ± 0.00043 REF 0.0058 ± 0.0006 26 ± 0.077 REF 1.31 ± 0.109
 RT CR 0.76 ± 0.00044 −0.034 0.0399 ± 0.00061 23 ± 0.085 −3.2 4.52 ± 0.114
 DR 0.73 ± 0.00049 −0.063 0.0377 ± 0.00065 16 ± 0.079 −10 6.26 ± 0.109
 IS 0.73 ± 0.0005 −0.065 0.0370 ± 0.00065 15 ± 0.087 −11 6.16 ± 0.111
 RT IS 0.70 ± 0.0005 −0.095 0.0665 ± 0.00064 12 ± 0.101 −14 9.45 ± 0.119
Target AUC 0.90
 CR 0.90 ± 0.0003 REF 0.0034 ± 0.00041 48 ± 0.081 REF 1.17 ± 0.114
 RT CR 0.86 ± 0.00034 −0.038 0.0416 ± 0.00045 44 ± 0.078 −4.7 5.86 ± 0.111
 DR 0.81 ± 0.00042 −0.085 0.0299 ± 0.00056 29 ± 0.088 −19 6.46 ± 0.122
 IS 0.81 ± 0.00043 −0.088 0.0293 ± 0.00057 28 ± 0.102 −21 6.32 ± 0.125
 RT IS 0.78 ± 0.00045 −0.12 0.0661 ± 0.00058 23 ± 0.124 −25 10.81 ± 0.133

Varying number of continuous predictors (n = 1000, independent predictors, 5 continuous and 2 binary predictors, and 7 continuous predictors). AUC, IPA, and 
their respective optimism were estimated for the 1000 training and test sets in each of the 3 simulated data series (target AUC 0.70, 0.80, and 0.90). Mean 
metric, change in mean metric across each subsequent step, and mean optimism are shown. Optimism is defined as the difference between the metric estimated 
by applying the model to the original training set and the metric estimated by applying the model to the independent test set.
Abbreviations: ΔAUC, difference in AUC from regression retaining continuous variables; ΔIPA, difference in IPA from regression retaining continuous variables; AUC, 
area under the receiver operating characteristic curve; CR, continuous regression; DR, dichotomized regression; IPA, index of prediction accuracy; IS, integer score; 
REF, reference; RT CR, risk tertiles from continuous regression; RT IS, risk tertiles from integer score; SE, standard error.
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and 0.90; a mean IPA of 10%, 23%, and 41%; an observed 
optimism in AUC of 0.0092, 0.0067, and 0.0052; and an 
observed optimism in IPA of 1.38%, 1.54%, and 1.81%. 
In the condition with 7 continuous predictors, the con-
tinuous regression had a mean AUC of 0.69, 0.80, and 
0.90; a mean IPA of 11%, 26%, and 48%; an observed 
optimism in AUC of 0.0099, 0.0058, and 0.0034; and an 
observed optimism in IPA of 1.53%, 1.31%, and 1.17%.

APPLICATIONS
Application of Methods to Study of Early 
Prediction of Prognosis in Elderly Acute Stroke 
Patients
When performing backward selection on the basis of 
AIC using the development subset of the 2005–2009 
sample used by Bautista et al,15 the final multivariable 
regression model included stroke type, age, smoking, 
mean arterial pressure <60 mm·Hg, Glasgow Coma 
Scale score, WBC, serum creatinine, history of congestive 

heart failure, and warfarin use. When performing back-
ward selection on the basis of AIC using the entire 2005–
2009 sample, the final multivariable regression model 
included the history of chronic obstructive pulmonary 
disease and serum glucose in addition to all of the pre-
dictors selected using the development subset. There 
was no evidence of violation of the linearity assumption 
for all continuous predictors: Wald P = .16 for age, P = 
.31 for serum glucose, P = .86 for serum creatinine, and 
P = .41 for the overall assumption when using the entire 
2005–2009 cohort to train the model; and Wald P = .82 
for age, P = .10 for serum creatinine, and P = .24 for the 
overall assumption when using the development subset 
used by Bautista et al15 to train the model.

Logistic regression retaining continuous covari-
ates as continuous outperformed the integer score. 
Logistic regression had an internally validated AUC 
and IPA of 0.83 (0.79–0.87) and 29% (20%–37%) ver-
sus an internally validated AUC and IPA of 0.80 

Figure. Boxplots of model per-
formance metrics for simula-
tions with target AUC of 0.70 
(red), 0.80 (blue), and 0.90 
(green). Mean AUC and mean 
IPA are shown for: (A) n = 1000, 
2 continuous +5 binary predic-
tors, r = 0; (B) n = 500, 2 con-
tinuous +5 binary predictors,  
r = 0; (C) n = 200, 2 continu-
ous +5 binary predictors, r = 0;  
(D) n = 1000, 2 continuous 
+5 binary predictors, r = 0.1; 
(E) n = 1000, 2 continuous 
+5 binary predictors, r = 0.3;  
(F) n = 1000, 5 continuous 
+2 binary predictors, r = 0;  
(G) n = 1000, 7 continuous 
predictors, r = 0. AUC indicates 
area under the receiver operat-
ing characteristic curve; CR, 
continuous regression; DR, 
dichotomized regression; IPA, 
index of prediction accuracy; 
IS, integer score; RT CR, risk 
tertiles from continuous regres-
sion; RT IS, risk tertiles from 
integer score.
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(0.76–0.84) and 24% (15%–32%) for the integer score. 
Logistic regression had an externally validated AUC 
and IPA of 0.88 (0.81–0.95) and 43% (25%–61%) versus 
an externally validated AUC and IPA of 0.82 (0.73–
0.91) and 30% (13%–47%) for the integer score.

Literature Study: ARISCAT Risk Score
AUC values are reported with 95% confidence inter-
vals. The original study1 reported an AUC of 0.90 
(0.85–0.94) in the development subsample and 0.88 
(0.84–0.93) in the validation subsample for the logis-
tic regression model; and an AUC of 0.89 (0.83–0.93) 
for the development subsample and 0.84 (0.77–0.90) 
for the validation subsample for the simplified risk 
score. The optimism in AUC was 0.02 for the logistic 
regression and 0.05 for the risk score. The Hosmer-
Lemeshow goodness-of-fit test was P = .45 for the 
logistic regression; calibration was not reported sepa-
rately for the risk score. In their external validation of 
the risk score, Mazo et al16 reported an overall AUC 
of 0.80, with subgroup AUCs of 0.80, 0.87, and 0.76 
for patients in Spain, Western Europe, and Eastern 
Europe, respectively. Calibration varied widely across 
subgroups, with an overall calibration slope of 0.63 
(intercept 0.66) and slopes of 0.62 (intercept 0.06),  
0.81 (intercept 0.65), and 0.58 (intercept 1.44) for 
patients in Spain, Western Europe, and Eastern Europe, 
respectively.

DISCUSSION
We have demonstrated how model discrimination and 
calibration decrease when developing an integer score 
and risk stratification system from a regression model. 
Scaling and rounding regression coefficients had a 
negligible cost, likely because the approach used intro-
duced minimal rounding error. However, nontrivial 
hits to performance were incurred in dichotomization 
and stratification across all simulations. When altering 
sample size or including mild to moderate correlation 
between predictors, observed decrements were essen-
tially identical to the base simulation. Interestingly, 
observed decrements increased as the ratio of continu-
ous to binary predictors increased, although this effect 
was small within the constraints of these simulations. 
Categorization of continuous predictor variables is 
necessary to develop an integer score but brought the 
greatest detriment to performance. Notably, when 
stratification was done directly on the regression 
retaining continuous covariates, the resulting classi-
fier performed better than the regression with dichoto-
mized inputs. Similarly, when applying these methods 
to the acute stroke data set, simplifying to an integer 
score tangibly diminished performance.

These findings are consistent with previous stud-
ies discussing issues introduced by categorizing 
variables. These include loss of information and 

generalizability,10 misleading P values, overly nar-
row confidence intervals, and inappropriate vari-
able selection.11 Adding groups reduces but does not 
entirely eliminate these effects.10 Categorizing mul-
tiple predictors can result in misleadingly significant 
interactions and relationships between predictors 
and outcome, in addition to decreased prediction 
accuracy, depending on the correlations between the 
predictors.10 As illustrated here, these issues are also 
magnified when data-dependent cut points are used, 
which is common. The increase in optimism observed 
after dichotomization and stratification likely reflects 
that the cut points derived from the training set were 
not adequately generalizable to the test set.

Nonlinear associations between predictor vari-
ables and the outcome were not present here, but 
often exist. If continuous variables are retained, sev-
eral approaches can capture nonlinear effects, such as 
fitting splines.28 Categorization prevents relaxation 
of the assumption of linearity and further assumes 
that a predictor’s effect can be fully captured within a 
few groups. Intuitively, this is unrealistic; individuals 
with similar values who are on opposite sides of a cut 
point are characterized as having different outcomes 
under this paradigm.10

The ARISCAT risk score demonstrates some of 
these effects in a published anesthesia prediction tool. 
Of note, Canet et al1 adjusted for several methodologi-
cal concerns discussed previously: cut points were 
selected by clinician consensus instead of being data-
derived, and some variables were categorized into 
more than 2 groups. There was still a clear decrease in 
performance incurred during simplification and vari-
able generalizability, although a regression retaining 
continuous predictors was not reported.1 Mazo et al16 
discussed that these findings reflect both the optimism 
inherent to prediction models and real differences in 
predictor effects in external populations. Additional 
contributors include categorization of predictors and 
coercion to an integer score. The Hosmer-Lemeshow 
test used to assess calibration has fallen out of favor 
due to low power, poor interpretability, and arbitrary 
choice of number of groups.28 Mazo et al16 instead 
reported the calibration slope, which on its own does 
not measure calibration and should be reported with 
the intercept (which was done here).29

We prefer to avoid stepwise selection of variables 
as used by Canet et al1 and Bautista et al.15 Choice 
of final predictors is not robust, such as when split-
ting data into training and test subsamples. Stepwise 
selection also considerably increases the risk of over-
fit.30 Many excellent alternatives exist, such as specify-
ing a biologically plausible relationship, least absolute 
shrinkage and selection operator (LASSO) regres-
sion,31 spike and slab selection,32 and Bayesian model 
averaging.33
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Dichotomization and coercion to integer score are 
often done because model simplicity is desired. We 
argue that ease of use should be differentiated from the 
simplicity of the underlying model. Today prediction 
models are usually published online; for example, the 
Cleveland Clinic publishes a freely available library 
at https://riskcalc.org.34 Although the underlying 
model is described,35–37 it is typically not immediately 
visible to users.38–40 Categorization of predictors may 
simplify the model in the background but does not 
alter the user experience, which more directly influ-
ences a model’s adoption.

Interpretability of the output is also important. 
Although clinicians may memorize a simple integer 
score, the score has no intuitive meaning without 
a threshold to categorize it or mapping to a pre-
dicted probability, either of which is very challeng-
ing to memorize. The latter is preferable if accuracy 
is prioritized, but as illustrated here, both predicted 
probabilities and risk categories can be more accu-
rately obtained from a regression model that retains 
continuous covariates than from an integer score. 
Additionally, in practice, an integer score can span an 
extensive range: the ARISCAT risk score ranges in dis-
crete steps from 0 to 123 total points.

We recommend that when designing a prediction 
model, researchers should carefully consider their 
desired application and clinical need. An integer score 
may suffice if approximations are sufficient to make 
decisions. When prediction accuracy is paramount, we 
strongly prefer a regression model in which continu-
ous covariates are kept continuous and can have non-
linear associations with the outcome. We recommend 
describing performance metrics for both the underly-
ing regression and the simplified model to transpar-
ently report the change in prediction accuracy.

If a method to compute predictions without a com-
puter is desired, we advocate the use of nomograms. 
These are graphical representations of regressions in 
which points are separately calculated for each pre-
dictor, and the sum of the points is mapped to a pre-
dicted probability.41 Nomograms can be computed on 
paper and have the ancillary benefit of demonstrating 
how a prediction was obtained.

In all situations, it is important to validate the 
model intended for end users. For example, report-
ing an AUC for the regression is misleading if clini-
cians are actually adopting the integer score. If using 
k-fold cross-validation or bootstrapping to internally 
validate the model,42 all steps should be repeated for 
each case: predictors should be selected, a regression 
should be fitted, and the model should be validated 
repeatedly across each fold or bootstrap replicate. If 
the model is prespecified outside of each replicate, 
bootstrapping does not properly correct for opti-
mism bias.43 To ensure proper reporting, we suggest 

referring to the Transparent Reporting of a multivari-
able prediction model for Individual Prognosis Or 
Diagnosis (TRIPOD) guidelines.44 E
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