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Abstract
Objectives: We developed a nomogram to facilitate the interpretation and presentation of results from multinomial logistic regression
models.

Study Design and Setting: We analyzed data from 376 frail elderly with complaints of dyspnea. Potential underlying disease cate-
gories were heart failure (HF), chronic obstructive pulmonary disease (COPD), the combination of both (HF and COPD), and any other
outcome (other). A nomogram for multinomial model was developed to depict the relative importance of each predictor and to calculate
the probability for each disease category for a given patient. Additionally, model performance of the multinomial regression model was
assessed.

Results: Prevalence of HF and COPD was 14% (n 5 54), HF 24% (n 5 90), COPD 20% (n 5 75), and Other 42% (n 5 157). The
relative importance of the individual predictors varied across these disease categories or was even reversed. The pairwise C statistics ranged
from 0.75 (between HF and Other) to 0.96 (between HF and COPD and Other). The nomogram can be used to rank the disease categories
from most to least likely within each patient or to calculate the predicted probabilities.

Conclusions: Our new nomogram is a useful tool to present and understand the results of a multinomial regression model and could
enhance the applicability of such models in daily practice. � 2015 Elsevier Inc. All rights reserved.
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1. Introduction absent category. Consequently, the multinomial aspect of
The starting point in clinical practice is a patient with
certain symptoms and/or signs, and nearly always, different
disorders can be responsible. This is known as the differen-
tial diagnosis. Additionally, several disorders can be present
simultaneously in a single patient. In diagnostic research,
the presence or absence of a single disease is usually
modeled using dichotomous logistic regression. In such
models, there is one disease of interest and patients with
no or alternative diseases are combined into the disease
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clinical diagnosis is ignored [1,2]. To mimic the diagnostic
process in real-life clinical practice more closely, multino-
mial logistic regression modeling could be applied, consid-
ering multiple diseases and their combination as potential
outcomes simultaneously [3e7].

Multimorbidity is common in the elderly, and diseases
often result in overlapping symptoms and signs. Patients pre-
senting with dyspnea form a typical example. More than 30
diseases can be the underlying cause; in the elderly, chronic
obstructive pulmonary disease (COPD) and heart failure
(HF) alone or in combination are the most likely explanation
of dyspnea [8e10]. When multiple disorders may be present
in a single patient, multinomial logistic regression modeling
seems an attractive method in diagnostic research, as it
models estimates for all outcomes of interest simultaneously.

In the previously mentioned situation, the use of a multino-
mial regression model seems more natural than the use of mul-
tiple dichotomous regression models. However, multinomial
regression modeling is not frequently applied in clinical
research, despite the statistical advantages of using such
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What is new?

Key findings
� The multinomial nomogram helps visualizing the

relative importance of predictors for the different
disease categories and assists in the calculation of
absolute probabilities for the various outcome cat-
egories for a specific patient.

What this adds to what was known?
� We developed a nomogram for multinomial models

to facilitate the interpretation and presentation of
the results from multinomial regression models.

What is the implication and what should change
now?
� Themultinomialmodel should be usedmore in diag-

nostic research, especially in situationswheremulti-
ple diseases are considered including the likelihood
that a combination of those diseases is present.

models [4,5]. One possible reason is that the presentation
and calculation of predicted probabilities from a multino-
mial logistic regression model is more complex than from
a binary regression model. Nomograms are increasingly be-
ing used in binary logistic regression models and Cox sur-
vival models to facilitate the interpretation of their results
[11]. Given the more complex interpretation of regression
coefficients from multinomial logistic regression models,
the usefulness of nomograms is likely to be higher.

Therefore, we aim to improve the use of multinomial
regression models for clinical practice by describing a
nomogram to present the results of a multinomial logistic
regression model. We will use data from a diagnostic study
in frail elderly patients with dyspnea and/or reduced exer-
cise tolerance who were examined for the presence of HF,
COPD, or both [12,13].
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2. Methods

2.1. Case study

2.1.1. Participants
The study population was derived from a cluster ran-

domized trial in which community-dwelling frail elderly
with complaints of dyspnea and/or reduced exercise toler-
ance were evaluated (triage of reduced exercise tolerance
in frail elderly) [12,13]. In this study, frailty was defined
as three of more comorbidities or the chronic use of five
or more drugs. For the present study, we used data from
those randomized to the screening arm of the trial. All these
participants underwent a diagnostic strategy, including his-
tory taking, physical examination, electrocardiography,
spirometry, blood tests, and echocardiography. The study
complied with the Declaration of Helsinki, and the Medical
Ethical Committee of the University Medical Centre
Utrecht approved the study (trail registration:
ClinicalTrails.gov NCT01148719). All participants gave
their written informed consent.

2.1.2. Outcome
The outcome consisted of four categories: COPD alone,

HF alone, the combination of HF and COPD (HF and
COPD), and another or no disease (Other). These final di-
agnoses were established by a panel of experts during a
consensus meeting. The panel always consisted of a general
practitioner (F.H.R.), a pulmonologist (alternating: J.W.J.L.
or H.J.H.), and a cardiologist (alternating: M.J.M.C.,
M.A.N.S., or C.G.K.M.F.). Signs, symptoms, and test
results from the diagnostic strategy, including spirometry
and echocardiography, from each patient were discussed
before reaching a consensus decision on the presence or
absence of a particular diagnosis.

2.1.3. Potential diagnostic predictors
Based on the literature, nine variables were selected as

potential diagnostic predictors for the presence of HF
and/or COPD: gender, body mass index (BMI), signs of
fluid overload (a composite of peripheral edema, pulmo-
nary crepitations, nocturnal dyspnea, orthopnea, and
elevated jugular venous pressure), displaced apex beat,
NT-proBNP levels, pack years of smoking, breathing
sounds (a composite of wheezing on history and physical
examination and rhonchi), cough, and forced expiratory
volume in 1 second as percentage of the population-
specific predicted values (FEV1) [9,14e19]. BMI, number
of pack years of smoking, NT-proBNP, and FEV1 were
treated as continuous variables.

2.2. Missing data

Overall, very few values were missing in our data set. In
three patients, the spirometry data were unreliable due to
poor technical performance, and presence or absence of
COPD could not be determined in these patients. In 10 pa-
tients, echocardiography was missing, and presence or
absence ofHF could not be determined. For the present study,
these 13 patients were excluded. Of the determinants, 17
values of NT-pro-BNP were missing, and six missing values
were of postbronchodilator FEV1 measurements. These
values were imputed using multiple imputation (10 rounds
of imputation), and Rubin’s rules were applied to come
to the overall estimates in the regression models [20,21].

2.3. Multinomial logistic regression model

A multinomial logistic regression model was fitted in
which the probability of each of the four disease categories
(HF and COPD, HF, COPD, and Other) was estimated in a
single model using maximum likelihood techniques [4,7].
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For model development, backward selection procedures
applying a P-value !0.10 for the log-likelihood ratio test
were used to select the predictors in the model. In a multino-
mial logistic model, a single algorithm is used to estimate the
regression coefficients of the individual predictors for each
disease category simultaneously, thereby enabling different
estimat es of a single predictor across the disease categories
HF and COPD, HF, and COPD. The disease category
‘‘Other’’ was used as the reference category in our model.
The resulting combinations of intercept and coefficients were
used to calculate the three linear predictors (LPs). The pre-
dicted probabilities for each category can be calculated with
these LPs. For instance, the predicted probability for the
presence of both HF and COPD is calculated as follows:
probabilityHF and COPD 5 exp (lpHF and COPD)/(1 þ exp (lpHF
and COPD) þ exp (lpHF) þ exp (lpCOPD)).

The predicted probabilities for (only) HF and (only)
COPD were calculated in the same way. For the reference
category ‘‘Other,’’ for which no LP is available, the pre-
dicted probability was calculated by subtracting the three
calculated predicted probabilities from 1.

For each individual, the predicted disease category was
identified as the category with the highest predicted proba-
bility of all four categories. Classification tables were assem-
bled by cross-classifying the observed diagnostic categories
(i.e., panel diagnoses) by the predicted disease categories
from the multinomial model. The ability of the multinomial
logistic regression model to discriminate between the four
diagnostic categories was quantified by calculating pairwise
C statistics between each disease category, for example be-
tween HF and COPD and Other [22,23].
2.4. Multinomial nomogram

The results of the multinomial logistic regression
model were presented using a nomogram for disease
categories COPD, HF, and HF and COPD. Each horizon-
tal line in the nomogram shows the relative effect of the
predictors on the different disease categories compared
with the reference category (Other). Longer lines repre-
sent higher scores and are indicative of larger effects of
the predictor coefficient on that particular disease cate-
gory. For each patient, disease-specific scores can be
‘‘read’’ of the nomogram corresponding to different
patient characteristics. The sum of these predictor scores
provides insight into the relative likelihood that a patient
with those characteristics has COPD, HF, HF and COPD,
or none of these. ‘‘Relative’’ means that the sum score
will update the prior probabilities of each disease cate-
gory, with higher scores resulting in larger changes in
probabilities. Therefore, to determine the absolute proba-
bilities for each disease category, the prior probability
needs to be taken into account.

To obtain easy-to-sum scores, all scores corresponding
to individual predictors were rescaled to values between
0 and 100 in the following way. First, the ranges of the
continuous variables (BMI, pack years, NT-proBNP, and
FEV1) were adjusted to exclude outliers before the nomo-
gram was fitted. The new ranges were set to 20 to 40 for
BMI, 0 to 100 for pack years, 10 to 4,000 for NT-
proBNP, and 40 to 120 for FEV1. Original values outside
these new ranges were truncated to the min or max of
these ranges. Next, the highest possible score was calcu-
lated for each predictor coefficient for each disease
category (predictorecoefficient pair, e.g., coughHF). This
score was calculated by multiplying the coefficients with
the maximum value of the corresponding predictor. The
predictor with the highest possible score was identified
and a maximum score of 100 points was assigned to the
maximum value of this predictor, and all other predictor
values were rescaled using the same scaling factor. Finally,
for predictors with negative model coefficients, the values
on the nomogram were placed in the opposite direction.
For example, the predictor BMI, in case of a negative
model coefficient, the range of values on the nomogram
goes from 40 to 20, instead of from 20 to 40. A more
detailed description of the nomogram development can
be found in Appendix A at www.jclinepi.com. The scores
for the different disease categories can be used to deter-
mine the most likely disease category for that patient by
transforming the scores into LPs and then calculate the
predicted probabilities. Details of these transformations
and a worked out example can be found in Appendix B
at www.jclinepi.com. The R code used to develop the
multinomial nomogram is available on request.

The analyses were performed with R version 3.0.3
(2014, The R Foundation for Statistical Computing), pack-
ages nnet and rms.
3. Results

The baseline characteristics of the 376 study patients in
each of the four disease categories (HF and COPD, HF,
COPD, and other) are shown in Table 1. The combination
of HF and COPD was diagnosed in 14% (n5 54), HF alone
in 24% (n 5 90), COPD alone in 20% (n 5 75), and the
remaining category ‘‘Other’’ in 42% (n 5 157) of the
participants.

The final multinomial logistic regression model, in which
disease categories COPD, HF, and HF and COPD were
modeled against disease category Other as reference, included
eight variables (Table 2). Several predictor variables had
different associations with the disease categories. For example,
the odds ratio (OR) for ‘‘displaced apex beat’’ differed mark-
edly in size between disease categories, with an OR of 1.4 for
COPD, 4.0 for HF, and 10.6 for HF and COPD.

3.1. Discrimination and classification

The multinomial logistic regression model showed good
discriminative ability with pairwise C statistics ranging
from 0.75 (between HF and Other) to 0.96 (between HF
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Table 1. Demographic and clinical characteristics of 376 frail elderly divided into four patient groups based on the final panel diagnoses being
present: (only) COPD, (only) HF, HF and COPD, and Other

Determinants COPD (n [ 75) HF (n [ 90) HF and COPD (n [ 54) Other (n [ 157)

Male (%) 38 (50.7) 45 (50.0) 27 (50.0) 62 (39.5)
Mean BMI (6SD) 27.1 (3.6) 29.1 (4.6) 28.7 (5.0) 28.1 (4.3)
Median pack years, (IQR) 24.0 (0.0e42.0) 3.4 (0.0e22.5) 19.0 (0.0e35.6) 5.0 (0.0e20.0)
Signs of fluid overload (%) 38 (50.7) 64 (71.1) 46 (85.2) 76 (48.4)
Displaced apex beat (%) 9 (12.0) 19 (21.1) 18 (33.3) 12 (7.6)
Abnormal breathing sounds (%) 35 (46.7) 20 (22.2) 33 (61.1) 28 (17.8)
Cough (%) 33 (44.0) 19 (21.1) 8 (14.8) 28 (17.8)
Median NT-proBNP (pg/mL), (IQR)a 137.5 (94.0e217.5) 282.0 (125.8e713.3) 347.5 (185.3e855.3) 99.0 (58.0e187.0)
FEV1, as % predicted (6SD)b 74.2 (16.9) 95.3 (15.3) 72.5 (14.0) 99.9 (17.2)

Abbreviations: HF, heart failure; COPD, chronic obstructive pulmonary disease; HF and COPD, the combination of HF and COPD; BMI, body
mass index; IQR, interquartile range; SD, standard deviation; signs of fluid overload, edema, crepitations, nocturnal dyspnea, orthopnea, and
elevated jugular venous pressure; abnormal breathing sounds, wheezing on history and physical examination and rhonchi; FEV1, postbronchodilator
forced expiratory volume in 1 second as % predicted.

a n 5 359 (COPD: 72, HF: 86, HFeCOPD: 50, and Other: 151).
b n 5 371 (COPD: 73, HF: 89, HFeCOPD: 54, and Other: 155).
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and COPD and Other) and are displayed in Fig. 1. The
multinomial model classified in total 63.8% of patients
correctly.
3.2. Multinomial nomogram

The multinomial nomogram presented in Fig. 2 can be
used to present the prediction model (Table 2) more
comprehensively. The different lines in the nomogram
can be interpreted as the different effect sizes of the model
coefficients, with longer lines (and thus higher scores) rep-
resenting larger effects. How to use the nomogram to calcu-
late the scores for COPD, HF, and HF and COPD is
explained below with an example.

Consider a patient with a BMI of 35.4 kg/m2, a history
of 48 pack years of cigarette smoking, NT-proBNP serum
Table 2. Multivariable estimates from the final multinomial logistic regressi

Diagnostic determinants

COPD vs. Other

Coefficients OR (95% CI) Coeffi

Intercept 6.84 �9
BMI �0.05 0.95 (0.87e1.04) 0
Pack yearsa 0.69 1.99 (1.21e3.29) 0
NT-proBNPa 0.56 1.75 (0.74e4.15) 2
FEV1, % predicted �0.10 0.90 (0.88e0.93) �0
Signs of fluid overload �0.64 0.53 (0.25e1.11) 0
Displaced apex beat 0.34 1.40 (0.43e4.56) 1
Abnormal breathing sounds 0.63 1.88 (0.86e4.11) 0
Cough 1.28 3.60 (1.61e8.03) 0

Abbreviations: COPD, chronic obstructive pulmonary disease; HF, heart
ratio; CI, confidence interval; BMI, body mass index; LP, linear predictor.

Significant (P ! 0.05) associations are depicted in bold.
Diagnostic determinant gender showed P O 0.10 during backward sele
For example: consider a patient with a BMI of 35.4 kg/m2, history of 4

predicted and a displaced apex beat. Disease probabilities are calculated
(1 þ exp (LP(COPD)) þ exp (LP(HF)) þ exp (LP(HF and COPD))). The LP
log(981) e 0.095 � 89 þ 0.337) 5 �0.14. The LP of HF is (�9.139 þ
89 þ 1.387) 5 2.63. The LP of HF and COPD is (�3.891 þ 0.055
89 þ 2.364) 5 2.21. The disease probability of COPD is 0.04; 0.56 for
0.04 e 0.56 e 0.37 5 0.03. Resulting in HF as the predicted outcome c

a values are log transformed.
levels of 981 pg/mL, FEV1 of 89% of predicted, and a dis-
placed apex beat.

The patient characteristics can be converted into scores
for HF and COPD as follows: First, determine the position
of 35.4 on the HF and COPD line for BMI. Then, draw a
vertical line to the upper line indicated by ‘‘points.’’ The
number of points for BMI is where these lines cross. In this
case, the patient receives 11 points for his BMI when
considering a diagnosis of HF and COPD. Now, the same
is done for the other predictors for this disease, resulting
in: 15 points for pack years, 75 points for NT-proBNP, 38
points for FEV1, no points for signs of fluid overload and
abnormal breathing sounds, 31 points for displaced apex
beat, and 10 points for the absence of cough. Summing
these points resulted in a total score of 180 points for HF
and COPD in this patient. These steps can be repeated to
on model

HF vs. Other HF and COPD vs. Other

cients OR (95% CI) Coefficients OR (95% CI)

.14 �3.89

.07 1.07 (1.00e1.15) 0.06 1.06 (0.96e1.17)

.08 1.08 (0.70e1.68) 0.67 1.95 (1.06e3.59)

.59 13.33 (6.09e29.20) 2.87 17.64 (6.26e49.66)

.00 1.00 (0.98e1.02) �0.09 0.91 (0.89e0.94)

.73 2.08 (1.08e3.99) 1.09 2.97 (1.06e8.34)

.39 4.01 (1.62e9.93) 2.36 10.59 (3.40e33.02)

.38 1.46 (0.68e3.14) 1.71 5.53 (2.13e14.36)

.31 1.36 (0.63e2.93) �0.74 0.48 (0.15e1.49)

failure; HF and COPD, the combination of HF and COPD; OR, odds

ction procedures and was therefore excluded from the final model.
8 pack years, NT-proBNP serum levels of 981 pg/mL, FEV1 of 89%
using the following equation: probability COPD 5 exp (LP(COPD)/

of COPD is (6.835 � 0.048 � 35.4 þ 0.689 � log(48) þ 0.563 �
0.073 � 35.4 þ 0.082 � log(48) þ 2.589 � log(981) e 0.001 �
� 35.4 þ 0.671 � log(48) þ 2.867 � log(981) e 0.089 �

HF and 0.37 for HF and COPD and the probability of Other is 1 e
ategory.



Fig. 1. Schematic presentation of the discriminative ability of the
multinomial regression model. The figure shows the prevalence of
each disease category (%) as well as the pairwise C statistic (C) be-
tween the different disease categories. HF, heart failure; COPD,
chronic obstructive pulmonary disease; HF and COPD, the combina-
tion of HF and COPD; Other, all other diagnoses including no disease.
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calculate the total scores for COPD (85 points) and HF (103
points).

These total scores can be used to calculate the corre-
sponding predicted probabilities (as described in
Appendix B at www.jclinepi.com); the predicted probabil-
ity for HF and COPD is 0.38, for COPD 0.04, for HF
0.54, and for disease category Other 0.04.
Fig. 2. Multinomial nomogram for the prediction of Heart failure, COPD and
expiratory volume in 1 second as % predicted.
4. Discussion

In this article, we introduced and explained a novel type
nomogram for the presentation and understanding of a
multinomial logistic regression model.

The ORs and intercepts from a multinomial logistic
regression model are interpreted similarly as those from
dichotomous logistic regression models. In a multinomial
model, these ORs and intercepts are estimated directly in
a single multinomial regression model, which enables an
easy comparison of the estimates for each disease category,
and unexpected differences are more easily detected than
when separate dichotomous models are applied. This may
be of specific interest when unexpected differences are
observed between the diagnostic value for certain predic-
tors for the disease category representing the patients with
both diseases (HF and COPD) and the individual disease
outcome COPD or HF. An example is the predictor variable
‘‘cough,’’ with an OR of 0.48 for HF and COPD and the
ORs for COPD and HF being larger than 1.0 (OR for
COPD of 3.60 and for HF 1.36).

Additionally, we developed a nomogram to facilitate the
presentation and understanding of the multinomial logistic
regression model. The different lines per predictor in the
nomogram visualize the differences in relative importance
of association (i.e., size of coefficients) for each disease
category, thereby making the interpretation of the
the combination of both diseases. BMI, body mass index; FEV1, forced
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differences in regression coefficients of the predictors per
disease categories more easy in this nomogram than in
the more traditional presentation of a (multinomial) regres-
sion model, in a table showing all ORs. This nomogram can
also be used to calculate the predicted probabilities as the
total scores are directly related to the model coefficients
for each disease category. To calculate predicted probabili-
ties, the total scores need to be combined with the different
intercepts (see Appendix B at www.jclinepi.com). The pre-
dicted probabilities derived from the multinomial nomo-
gram can be slightly different from the probabilities
calculated directly from the model due to rounding and
reading off the nomogram scores.

Using an electronic implementation, for example, a
website, mobile app, or algorithm implemented into the
electronic medical file of the patients, is more suitable to
directly calculate the probabilities for each disease cate-
gory. This electronic implementation is not only preferred
for multinomial models, but also for dichotomous regres-
sion models.
4.1. Methodological considerations

The multinomial logistic regression model presented in
this study was mainly developed for illustrative purposes.
The data set provided the opportunity to apply multinomial
regression modeling in a clinical situation where multiple
conditions were considered simultaneously and allowed us
to develop and present a multinomial nomogram to enhance
presentation and understanding of such a model. However,
the developed model cannot be applied in clinical practice
yet. The model was developed in a relatively small data set
for modeling four disease categories, and a rather large num-
ber of predictors were included into the model. Typically,
external validation of a prediction model is needed before it
can be considered for application in clinical practice. Testing
the performance and amount of optimism of our multinomial
model by internal validation was not performed. To our
knowledge, no agreed statistical tool is available for testing
optimism of a multinomial model in bootstrap samples.
Further methodological work is needed in this area.

Multinomial models can be simplified by leaving some of
the predictors out the model for a specific disease category,
that is, setting these model coefficients to 0 and thereby
reducing the number of tested model coefficients [24]. This
method was not applied because the model was, as previ-
ously stated, developed for illustrative purposes.

Although the model was used for illustrative purposes,
we did assess model performance with pairwise C statistics
[22,23]. This method was identified as one of the preferred
methods over the conventional C statistic (1-versus-rest) to
assess the discriminative ability of the multinomial logistic
regression model. The conventional C statistic is considered
a suboptimal measure because the data have to be dichoto-
mized into disease presence and absence to calculate the C
statistic. By doing so, disease absence includes all other
disease categories, and the largest category will dominate
the group. As a result, the C statistic is dominated by the
discriminative ability between the largest group and the dis-
ease of interest and does not necessarily represent the true
discriminative ability. For example, the conventional C sta-
tistic of HF is 0.79, which is largely dominated by the lack
of discriminative ability with disease category Other (0.75,
Fig. 1) and thereby masking the ability of the model to
discriminate patients with HF from those with COPD
(paired C statistic of 0.89). Disease classification was based
on the category with the highest probability, which may not
be the most informative way of classifying patients for clin-
ical practice. Especially in patients for whom very similar
predicted probabilities were derived from the model. For
example, a patient with a BMI of 23.4 kg/m2, a history
of 8 pack years of smoking, NT-proBNP serum levels of
175 pg/mL, FEV1 of 64% of predicted, signs of fluid over-
load, and abnormal breathing sounds. According to the
model, HF and COPD is the most likely disease category
with a probability of 0.44, followed by COPD with a prob-
ability of 0.42. The treating physician of this patient has to
decide whether he treats both HF and COPD (according to
the highest probability) or COPD only, and either option
may work for this patient. The classification tables should
be seen as potential illustration of how to present such
information.

In conclusion, a case study was used to illustrate the
usefulness of a multinomial logistic regression prediction
model in diagnostic research. The use of a multinomial
nomogram enhances the applicability of multinomial
regression models in daily practice.
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