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Abstract: When there are three or more nominal categories of a response variable, the binomial 

logistic regression approach is widely used to model the relationships of exposure variables with 

different binomial responses one at a time. However, some of the separate binomial comparisons 

would be redundant. This approach is also suboptimal because of the loss of information that 

will result when only a subset of the data is analyzed at a time and the multiple testing problems 

arising from analysis of several pairs of categories. These drawbacks of fitting separate binomial 

regression models to a multicategory nominal outcome variable can be overcome using a single 

multinomial regression modeling framework. In this study, we compared the results using a 

multinomial regression with the separate two binomial regressions to determine factors associ-

ated with excess and inadequate weight gain during pregnancy in a data set from a gestational 

weight gain study involving a cross-sectional survey of 312 women with singleton pregnancies. 

We found that both approaches identified the same set of predictors, ie, higher neuroticism, 

planning to gain more weight than the recommended level, and bedtime television watching, 

with P-values #0.05 of the excessive (versus appropriate) weight gain, for which the subgroup 

size was moderate. The final list of significant predictors of inadequate (versus appropriate) 

weight gain identified by multinomial regression were planned weight gain below the recom-

mended range, overweight or obese women, and bedtime television watching, while those by a 

separate binomial approach were self-efficacy towards achieving healthy weight, lack of weight 

satisfaction, and bedtime television watching, which differed between the two approaches where 

the final set of predictors were identified by a variable selection process and the comparisons 

were made in a small subgroup. A multinomial approach is a useful analytical framework that 

researchers may consider when they have multinomial response categories because this approach 

allows nonredundant comparisons to be made, avoiding the need to analyze a subset of the data 

one at a time and also allows for risk prediction of multinomial categories from a well validated 

multinomial model, and will not lead to multiple testing problems.

Keywords: gestational weight gain, pregnancy, multinomial logistic regression, binomial 

logistic regression, risk factors

Introduction
In epidemiological research, response variables can have multiple nominal  (unordered) 

nonoverlapping categories or classes (called “multinomial” or “polytomous” responses), 

and investigators are interested in the relationships between one or more predictor 

(independent) variables and these response categories. The most common approach 

for assessing these relationships is to fit separate binomial logistic regression models 

for the log-odds of each of the response categories versus any other chosen reference 

category. However, this approach is suboptimal for many reasons.
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First, if there are K nominal response categories (k=1,  

2, …, K; K$3), there are K K K2 1 2( ) = −( ) /  separate binomial 

logistic regression models one can possibly fit. For example, 

for K=4 response categories A, B, C, D, one can fit 4
2 6( ) =  

separate binary logistic regression models for the comparisons 

of A versus B, A versus C, A versus D, B versus C, B versus D, 

and C versus D. Multinomial responses can also be compared 

with any one reference category fitting (K - 1) equivalent 

binomial logistic regression models under a single analysis 

framework of “multinomial (or polytomous) logistic regres-

sion model”.1,2 It is a generalization of binomial regression 

when there are more than two nominal outcome categories. 

In the above example, fitting three models for A versus D, B 

versus D, and C versus D (assuming D is the “baseline” or 

“reference” category) provides sufficient information about 

all possible pairwise relationships. Here, we do not obtain 

any additional information from certain comparisons given 

the (K - 1) by fitting separate binomial regression models, 

and hence only (K - 1) logits models are nonredundant.1 

Second, only a subset of the data is being used for a given pair-

wise binomial comparison, while all data from all subjects 

belonging to all possible response categories are utilized in 

multinomial analysis. Thirdly, a multinomial approach allows 

us to estimate the net effects of a set of predictor variables.3 

Lastly, and most importantly, a multinomial model can be 

the only effective and reliable way of estimating or predict-

ing the probability or risk of a person having each of the K 

possible nominal response categories given his or her set of 

risk factors,4,5 where separate binomial comparisons do not 

enable us to predict such a probability or risk.

The binomial model is well known among clinicians and 

epidemiologists because the model is simple to understand 

and the results are easy to interpret. Although not as widely 

used, the multinomial approach is not a new topic either. 

Nevertheless, there have been limited data6,7 generated from a 

multinomial approach in the gestational weight gain (GWG) 

literature, because typically GWG is examined as excess 

(“above”) or inadequate (“below”) weight gain compared 

with adequate (“within” the recommended range of the clini-

cal guidelines) in a binomial fashion.8–12

In a study designed to assess the associations between 

clinical, psychological, lifestyle knowledge, and demo-

graphic factors and excess or inadequate GWG compared 

with appropriate gain,13 we used the binomial logistic 

regression approach for each of the binomial outcomes of 

excess versus appropriate, and inadequate versus appropriate 

weight gain, separately. In this study, our objective was to 

identify the determinants of the trinomial response categories 

of inadequate, appropriate, and excessive weight gain 

simultaneously by fitting a single multinomial model to the 

data. We used a multinomial regression model to reanalyze 

the same data with trinomial response categories of inad-

equate, appropriate, and excessive weight gain, and compared 

the results with two separate binomial regressions previously 

reported to determine factors associated with excess and  

inadequate weight gain during pregnancy. We were interested 

to investigate if there is any practical added value of perform-

ing multinomial modeling in one analysis framework over 

separate binomial analyses, besides making nonredundant 

comparisons. In particular, we sought to determine if the 

estimation or inference (estimated effect sizes or associa-

tion P-values or conclusions) for an exposure variable at a 

prespecified significance level is markedly different from 

the results of a previous analysis in small to moderate sizes 

of subsets of the data. We were also interested in estimat-

ing the risk of gaining weight excessively, inadequately, 

and appropriately for a pregnant woman given her set of 

characteristics.

Materials and methods
Multinomial logistic regression model
Suppose that the observations for a response variable Y and 

P predictor variables X=(X
1
, X

2
, …, X

p
)′; (j=1, 2, …, p) are 

available from N independent subjects, where the ith (i=1, 2, 

…, N) subject’s response Y
i
 can be one of the K($3) nonover-

lapping nominal categories (k=1, 2, …, K). In a multinomial 

logistic regression framework, we can fit a “baseline-category 

logit model” for (K - 1) logits simultaneously.1 Here, if the 

Kth category is the reference category, then (K - 1) binomial 

logistic regression models are fitted simultaneously where 

the log of odds of having the response k(k=1, 2, …, K - 1) 

to the baseline response K is modeled as the linear function 

of independent variables as (generalized logit model)1

 

log
Pr |

Pr |

Y

Y
X X X

=( )
=( )







= + + … +

k ΧΧ
ΧΧΚ

β β β β0 1 1 2 2k k k pk p+

 (1)

under the condition that Pr(Y=1|X) + Pr(Y=2|X) + … + 
Pr(Y=K|X)=1. A predictor variable can be either continuous 

or categorical. For (K - 1) binomial comparisons with the 

reference category K, we have a vector of (K - 1) regression 

(slopes) parameters β
j
=(β

j1
, β

j2
, …, β

j,K-1
)′ associated with the 

variable X
j
 (j=1, 2, …, p). The β

jk
 is interpreted as the increase 

in log-odds ratio (OR) of the response being in category 

k compared with the reference category K for a one unit 
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increase in the jth predictor variable X
j
, for constant values 

of all other variables X
j’
’s (j’≠j≠1, 2, …, p) and exp(β

jk
) is the 

corresponding OR for X
j
. For (K - 1) logit models, there is 

a total of (K - 1)p regression slopes for X
1
, X

2
, …, X

p
 plus 

(K - 1) intercepts to be estimated. The parameters are usu-

ally estimated by the method of maximum likelihood. This 

method maximizes the likelihood of reproducing the data 

from the estimated parameters.5

Once the model is fitted, the conditional probability of 

the ith (i=1, 2, …, N) subject’s response in the category k(k=1, 

2, …, K - 1) and baseline category K given his or her set of 

covariate values x
i
=(x

1i
, x

2i
, …, x

pi
)′ can be estimated as1

�

�

p

x x

p
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such  tha t  ≥xˆ ( ) 0ik ip  for  a l l  k=1,  2 ,  …,  K  and 

=
=∑ x

1
ˆ ( ) 1.

K

ik ik
p

When the response Y has more than two categories, 

a separate binomial logistic model can also be fitted for 

response category “k” versus the reference category “K”, 

where the model is the same as Equation 1 for the same set 

of predictors X
1
, X

2
, …, X

p
. However, such a binomial model 

assumes that “k” and “K” are the only two possible response 

categories. That is, it models under the condition Pr(Y=k|X) + 
Pr(Y=K|X)=1, assuming the probability of any other category 

of the multinomial response to be zero.

reanalysis of a gWg study data
Data were collected from a self-administered cross-sectional 

survey of pregnant women from obstetrics and midwifery 

clinics in Hamilton and Brantford, ON, Canada, who were 

attending for prenatal care during May to June 2012. Women 

were eligible for participation if they already had at least 

one prenatal visit, could read English sufficiently well to 

complete the survey, and had a live, singleton pregnancy. 

Three hundred and twelve eligible women completed the 

survey questionnaires at the median gestational age of 32 

weeks with an interquartile range of 11.3 weeks (first quartile 

25.3 weeks, third quartile 36.6 weeks) providing  information 

on the outcome and exposures of interest. The primary 

outcome variable was the actual weight gained at the time 

of survey completion, calculated as the difference between 

self-reported recent weight at the time of survey completion 

and the self-reported prepregnancy weight. Information on 

several sociodemographic, pregnancy care, psychological, 

and lifestyle factors that potentially affect or are associated 

with weight gain were collected. These included maternal 

age, height, prepregnancy weight, first-time mother, nurse 

or obstetrician as the primary care health care professional, 

amount of weight planned to gain oneself or recommended by 

a health care professional, neuroticism score measuring level 

of emotional instability, self-esteem, self-efficacy towards 

achieving healthy weight, self-efficacy towards controlling 

food intake, self-efficacy towards regular exercise, watching 

television at bed before sleeping at least some nights in a 

week, taking soda daily, and others.

The Canadian clinical guidelines,14 which are based on the 

recommendation from the US Institute of Medicine (IOM),15 

recommend that underweight women (body mass index 

[BMI] ,18.5 kg/m2) gain 0.44–0.58 kg/week, normal weight 

women (BMI 18.5–24.9 kg/m2) gain 0.35–0.50 kg/week,   

overweight women (BMI 25.0–29.9 kg/m2) gain 

0.23–0.33 kg/week, and obese women (BMI .30 kg/m2) gain 

0.17–0.27 kg/week on average in the second or third trimester 

for healthy pregnancy. The average GWG per week for a 

woman during her second or third trimester is the standard-

ized GWG because it accounts for the differences in gesta-

tional ages between mothers.  Therefore, we calculated this 

amount for each woman by dividing her weight gain in the 

second or third trimester (total weight gain since conceiving 

the baby in 1 kg –2 kg) by her number of gestational weeks in 

the second or third trimesters (gestational age in weeks –13), 

where 2 kg was subtracted from total weight gain because 

it is the amount expected GWG to be gained by a pregnant 

mother during her first trimester (first 13 weeks). For each 

woman, the response variable was created as three categories 

of inadequate, appropriate, or excessive GWG if her average 

GWG per week was below, within, or above, respectively, 

the range of GWG recommended for her BMI category by 

the  guidelines. The details of the study design and list of 

outcomes and potential exposure variables and their catego-

rization schemes can be found in McDonald et al.13

Statistical analysis
We had three possible GWG response categories (K=3) 

of inadequate (I), appropriate (A), and excess (E) weight 

gain. We used the multinomial logistic regression model to 

simultaneously fit two binomial logistic regression models 

for the logit of excess versus appropriate (E versus A), and 
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logit of inadequate versus appropriate (I versus A) against 

the covariates, simultaneously, as:

log
Pr

Pr

log
Pr

GWG

GWG
X X X

GW

=( )
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A E E E pE pβ β β β0 1 1 2 2


GG

GWG
X X X

=( )
=( )







= + + + +

I
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 (3)

The parameter estimates were obtained by the method of 

maximum likelihood.

In the univariate analysis (p=1), we assessed the associa-

tion of each of the J potential predictor variables with the 

trinomial outcome fitting multinomial logistic regression 

model for one variable at a time. The joint association of 

the jth variable X
j
(j=1, 2, …, J) with the trinomial outcome 

was assessed using a joint P-value corresponding to the 

test of null hypothesis that X
j
 was not associated with any 

of binomial outcomes E versus A or I versus A, versus the 

alternative hypothesis that X
j
 was associated with at least 

one of these binomial outcomes (ie, H
0
:β

j
=(β

jE
, β

jI
)′=(0,0)′ 

versus H
1
: at least one of β

jE
 or β

jI
 was different from zero). 

We used Wald’s chi-square test for the joint association test-

ing with K-category response (K=3 in our problem), where 

the corresponding test statistic has the χ K −( )1
2  distribution 

for testing the association of a continuous exposure vari-

able, and χ K q−( ) −( )1 1
2  distribution for testing the association 

of a q-category exposure variable, under H
0
. We considered 

a variable for the multivariable multinomial regression if its 

joint P-value was #0.10 in the above test. However, if the 

estimate of correlation coefficient (Pearson correlation for 

continuous variables and polychoric correlation for binary 

or ordinal variables) between any two variables satisfying 

the criteria of univariate analysis was $0.70 we considered 

only one with better biological plausibility. Also, we did not 

consider any such significant variable to be a candidate vari-

able for multivariable regression if the variable had more than 

10% missing data. This would prevent us from losing a lot 

of observations in multivariable analysis since we performed 

the analysis with a complete case scenario (ie, we did not 

attempt to impute for missing data).

We first included these variables in the multivariable 

multinomial regression model and manually eliminated 

one variable at a time that had the largest joint P-value in 

the partial test of association obtained using the same test 

statistic used in the univariate case above until all variables 

in the model had joint P-values #0.10 with the multinomial 

outcome, and an individual association P-value #0.05 with 

at least one binomial outcome E versus A or I versus A. 

Here, an individual association P-value for X
j
 with a single 

binomial outcome, say, E versus A, was obtained for the test 

of the hypothesis H
0
:β

jE
=0 versus H

1
:β

jE
≠0 using Wald test, 

where the test statistic β χ= 2 2
1

ˆ( / ) ~jE jET s  (asymptotically), 

and β̂ jE  is the estimate of β
jE

 and s
jE

 is the corresponding 

standard error.

Once the final multinomial model of p included variables 

X
1
, X

2
, …, X

p
 was identified, we assessed goodness of the 

overall fit of the model using the deviance statistic, D N p~ χ −
2  

(asymptotically). For each of X
j
 included in the final model 

for each of the binomial outcomes E versus A and I versus A, 

we obtained and reported the estimate of OR β̂[exp( )]jE , and 

corresponding 95% confidence interval (CI, that is based on the 

Wald statistic) and the corresponding P-value. For any woman 

with a set of predictor values x=(x
1
, x

2
, …, x

p
)′, the predicted 

probabilities of gaining excessive, inadequate, or appropriate 

weight were predicted from the fitted multinomial model as:

�

�

�

x x

x x x x
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x x x x
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E E pE p I I pI p

 (4)

We analyzed the data using SAS version 9.2 (SAS 

 Institute, Cary, NC, USA).

Results
As previously reported,13 response data were available 

from 312 women, of whom 68(21.8%), 54(17.3%), and 

190 (60.9%) inadequately, appropriately, or excessively 

gained weight, respectively. Descriptive statistics, count 

(%) for categorical and mean (standard deviation) for 

continuous exposure variables of interest in each of the 

three GWG response categories and their joint association 

P-values with trinomial GWG responses obtained using 

univariate multinomial approach are displayed in Table 1. 

Among the significant variables in univariate analysis, 

“self-efficacy towards achieving healthy weight” was highly 

correlated with “self-efficacy towards controlling food 

intake” (r=0.78), and with “self-efficacy towards regular 
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Table 1 Descriptive statistics and associations of variables with actual weight gain during pregnancy in univariate analysis using 
multinomial logistic regression

Variables Gestational weight gain categories Joint 
P-valuee

Inadequate  
(n=68)

Appropriate  
(n=54)

Excessive  
(n=190)

Categorical variables, count (%)
race: white 56 (21.1) 43 (16.2) 166 (62.6) 0.303
current smoker 4 (11.1) 4 (11.1) 28 (77.8) 0.102
First time giving birth 32 (26.4) 14 (11.6) 75 (62) 0.060
education: college or higher 54 (20.7) 46 (17.6) 161 (61.7) 0.565
household income $$20,000 53 (21.5) 43 (17.5) 150 (61.0) 0.973
Pre-BMi groupa 0.054
 Underweight 3 (23.1) 2 (15.4) 8 (61.5)
 normal weight 30 (17.8) 38 (22.5) 101 (59.8)
 Overweight or obese 35 (27.1) 13 (10.1) 81 (62.8)
chronic health problemb 15 (20.5) 9 (12.3) 49 (67.1) 0.366
referral to obstetrician 20 (23.3) 15 (17.4) 51 (59.3) 0.920
referral to dieticiand 3 (23.1) 2 (15.4) 8 (61.5) 0.980
referral to nurse practitionerd 0 (0) 0 (0) 4 (100) 0.999
referral to midwifed 1 (25) 0 (0) 3 (75) 0.998
hcP recommended gestational weight gain 19 (21.3) 15 (16.9) 55 (61.8) 0.983
hcP recommended calories intake 8 (17.8) 7 (15.6) 30 (66.7) 0.733
hcP recommended appropriate calories intaked 0 (0) 2 (25) 6 (75) 0.940
hcP discussed nutrition and healthy eating 41 (22.8) 32 (17.8) 107 (59.4) 0.873
hcP discussed appropriate weight gain 31 (21.1) 30 (20.4) 86 (58.5) 0.460
hcP discussed risks of too much weight gain 17 (17.2) 18 (18.2) 64 (64.6) 0.421
hcP discussed risks of too little weight gain 12 (20) 14 (23.3) 34 (56.7) 0.314
hcP discussed exercise during pregnancy 42 (22.5) 36 (19.3) 109 (58.3) 0.391
hcP discussed breastfeeding 37 (23.3) 29 (18.2) 93 (58.5) 0.699
hcP discussed vitamins intake during pregnancy 67 (22.6) 50 (16.8) 180 (60.6) 0.447
Planned weight gain ,0.001
 Below 30 (51.7) 12 (20.7) 16 (27.6)
 Within 26 (23.0) 32 (28.3) 55 (48.7)
 excess 12 (9.2) 7 (5.3) 112 (85.5)
Prepregnancy weight considered just right or excessive 65 (21.7) 53 (17.7) 181 (60.5) 0.998
Satisfied with prepregnancy weight 38 (18.1) 47 (22.4) 125 (59.5) 0.002
Thinking exercise is important during pregnancy 61 (21.3) 52 (18.2) 173 (60.5) 0.999
high view on self-esteem somewhat true or very true 53 (20.3) 48 (18.4) 160 (61.3) 0.035
Spending at least 90 minutes at a screen daily 56 (24.9) 33 (14.7) 136 (60.4) 0.036
no meals usually eaten in front of a screenc 22 (20.2) 22 (20.2) 65 (59.6) 0.595
exercise at least 30 minutes a day 33 (19.3) 33 (19.3) 105 (61.4) 0.315
Sleeping at least 6 hours a day 60 (22.2) 50 (18.5) 160 (59.3) 0.346
having television in bedroom 35 (23.8) 22 (15) 90 (61.2) 0.448
Bedtime TV watching 34 (26.8) 14 (11) 79 (62.2) 0.008
Soda drinking (at least one glass a week) 40 (21.4) 26 (13.9) 121 (64.7) 0.099
Continuous variables, mean (SD)
Maternal age, years 28.1 (5.5) 30.8 (4.6) 30 (5.5) 0.017
gestational age, weeks 26.5 (8.9) 31.8 (7.2) 31.2 (6.6) ,0.001
Prepregnancy BMia 27.7 (8.2) 23.6 (4.9) 24.8 (4.9) 0.001
locus of control 9.8 (2.7) 9.5 (2.2) 10.3 (2.9) 0.108
Attitude score 17.8 (3.4) 17.9 (2.8) 17.3 (3.4) 0.503
neurotic score 4.9 (3.2) 3.6 (2.6) 5.4 (3.1) 0.001
lie score 6 (2.2) 6.4 (2.6) 6.2 (2.3) 0.576
Self-efficacy towards healthy weight 25.5 (4.5) 28 (6.1) 27 (5.6) 0.024
Self-efficacy towards controlling food intake 10.7 (2.4) 11.9 (2.2) 11.5 (2.2) 0.006
Self-efficacy towards regular exercise 6.8 (1.8) 7.4 (1.7) 7.4 (1.7) 0.060
Self-efficacy towards weight management 8 (2.3) 8.8 (3.5) 8.1 (3.1) 0.287

Notes: aTested as both categorical and continuous predictor; bany of chronic depression, anxiety, eating disorder, high blood pressure, diabetes, asthma; cnone of the most commonly 
eaten snacks at breakfast, lunch, dinner; dthe association testing may be inappropriate for these exposures variables as some observed (and expected) cell frequencies in individual 
outcome categories are 0s or too small with total exposure rate small, these variables were not considered as candidate variables for multivariable analysis; ejoint P-value: P-value for 
association (using Wald’s chi-square test) with at least one comparison of excess versus appropriate or inadequate versus appropriate weight gain in multinomial analysis. 
Abbreviations: BMi, body mass index; hcP, health care professional; SD, standard deviation; TV, television.
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Table 2 Odds ratios and associated P-values from the final multinomial and separate binomial logistic regression models

Predictors Comparison Analysis approacha

Multinomial modelb Separate binomial modelsc

OR (95% CI) P-value OR (95% CI) P-value

For excessive weight gain
neuroticism Unit increase in score 1.24 (1.10, 1.41) 0.001 1.26 (1.10, 1.44) 0.001
Planned weight gaind excess versus appropriate 12.47 (4.57, 34.03) ,0.001 11.18 (4.45, 28.06) ,0.001

inadequate versus appropriate 0.76 (0.30, 1.93) 0.569 0.69 (0.26 to 1.80) 0.449
Bedtime TV watching Yes versus no 2.38 (1.11, 5.11) 0.027 2.38 (1.08, 5.23) 0.031
For inadequate weight gain
Planned weight gaind excess versus appropriate 1.16 (0.36, 3.71) 0.809 – –

inadequate versus appropriate 2.87 (1.13, 7.26) 0.026 – –
Prepregnancy BMid Overweight or obese  

versus normal weight
4.31 (1.69, 11.00) 0.002 – –

Underweight or obese  
versus normal weight

1.78 (0.26, 12.27) 0.559 – –

Bedtime TV watching Yes versus no 2.50 (1.08, 5.79) 0.033 3.92 (1.50, 10.30) 0.006
Self-efficacy towards achieving  
healthy weights

Unit increase in score – – 0.91 (0.83, 0.99) 0.033

Satisfaction with prepregnancy weight Yes versus no – – 4.84 (1.56, 15.02) 0.006

Notes: aFinal models were identified by variable selection approach; bmultinomial logistic regression fits two binomial models of excessive versus appropriate weight gain and 
inadequate versus appropriate weight gain simultaneously; ccopyright © 2013. Society of Obstetricians and gynaecologists of canada. Data reproduced from McDonald SD, 
Park cK, Timm V, Schmidt l, neupane B, Beyene J. What psychological, physical, lifestyle, and knowledge factors are assowith excess or inadequate weight gain during 
pregnancy? A cross-sectional survey. J Obstet Gynaecol Can. 2013;35(12):1071–1082.13 ddummy variables.
Abbreviations: OR, odds ratio; CI, confidence interval; BMI, body mass index; TV, television.

exercise” (r=0.75). We choose “self-eff icacy towards 

achieving healthy weight” as this variable is directly relevant 

to achieving a healthy weight (which could be achieved 

through controlling food intake and regular exercise in turn, 

and hence the latter two variables are more like surrogate 

variables). Finally, we tried the following list of variables 

as the candidate for multivariable multinomial regression 

model: psychological variables, namely “neuroticism” 

score, “self-efficacy towards achieving healthy weight”, 

high view on self-esteem (categorized as somewhat true or 

higher versus not very true), and other sociodemographic 

and lifestyle factors, namely maternal age, first time giving 

birth, prepregnancy BMI category, planning to gain weight 

excessively or inadequately, satisfaction with prepreg-

nancy weight, spending at least 90 minutes time on screen 

(eg, computer, television) in a day, watching television in 

bed before sleeping at least some nights in a week, and 

taking soda daily. After manual (backward) elimination of 

the least significant variables one at a time, the variables of 

neurotic scale, categorical planned weight gain, categorical 

prepregnancy BMI, and binary bedtime watching televi-

sion were retained in the final multivariable multinomial 

model. The deviance chi-square P-value was 0.984 for the 

goodness-of-fit of the final multinomial model, indicating 

that our model fitted very well to the data.

The estimates of OR and their 95% CIs and P-values of 

associations for the final set of predictors with excessive and 

inadequate weight gain from the multinomial analysis and 

separate binomial analyses (copied from a previously reported 

paper13 with permission from the publisher) are presented in 

Table 2. In multinomial analysis, the predictors of excessive 

weight gain were: the neurotic score per unit increase (OR 

1.24, 95% CI 1.10, 1.41; P-value =0.001), excessively plan-

ning weight gain compared with appropriately planning (OR 

12.47, 95% CI 4.57, 34.03; P-value ,0.001), and watching 

television compared with not watching television (OR 2.38, 

95% CI 1.11, 5.11; P-value =0.027). The previous binomial 

analysis of excess versus appropriate weight gain also identi-

fied the same set of significant variables: neurotic score (OR 

1.26, 95% CI 1.10, 1.44; P-value =0.001), planning excessive 

weight gain (OR 11.18, 95% CI 4.45, 28.06; P-value ,0.001) 

and watching television in bed (OR 2.38, 95% CI 1.08, 5.23; 

P-value =0.031) in the adjusted analysis.

In multinomial analysis, inadequately planning weight 

gain compared with appropriately planning (OR 2.87, 95% 

CI 1.13, 7.26; P-value =0.026), overweight or obese woman 

compared with normal weight woman (OR 4.31, 95% CI 

1.69, 11.00; P-value =0.002) and watching television before 

going to bed (OR 2.50, 95% CI 1.08, 5.79; P-value =0.033) 

were associated with inadequate weight gain, while satisfac-

tion with their prepregnancy weight (OR 4.84, 95% CI 1.56, 

15.02; P-value =0.006), watching television at bed (OR 3.92, 

95% CI 1.50, 10.30; P-value =0.006), and having self-efficacy 

towards achieving a healthy weight (OR 0.91, 95% CI 0.83, 
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Table 3 Selected variables in the final multinomial logistic regression model and corresponding parameter estimates

Variables Variables  
notation

Possible values Estimated parameters for

Excess gain Inadequate gain

intercept – – β̂0E=-0.787 β̂0I=-1.554
neuroticism X1 (continuous) X1=0 to 12 score β̂1E=0.219 β̂1I=0.125
Planned gWg  
category

X2 (dummy) X2=1 if excess, 0=else β̂2E=2.523 β̂2I=0.144
X3 (dummy) X3=1 if inadequate, 0=else β̂3E=-0.268 β̂3I=1.053

Prepregnancy  
BMi category

X4 (dummy) X4=1 if overweight or obese, 0=else β̂4E=-0.280 β̂4I=1.461
X5 (dummy) X5=1 if underweight, 0=else β̂5E=0.346 β̂5I=0.575

Bedtime TV watching X6=p (binary) X6=1 if yes, 0=no β̂6E=0.866 β̂6I=0.915

Abbreviations: e, excess; i, inadequate; gWg, gestational weight gain; BMi, body mass index; TV, television.

0.99; P-value =0.033) were associated with inadequate weight 

gain in separate binomial analysis. Thus, not only the set of 

predictors differed, but also the estimated effect sizes and 

P-values of the common predictors changed from the previ-

ous analysis for inadequate weight gain. Overall, the results 

were very similar for the excessive weight gain analysis but 

differed for the inadequate weight gain analysis.

The estimates of the parameters (beta coefficients) in 

Equation 4 for the two binomial models of excessive versus 

appropriate and inadequate versus appropriate weight gain 

fitted simultaneously using multinomial logistic regression are 

provided in Table 3. Estimated risks (predicted  probabilities) 

of gaining excessive, inadequate, and appropriate weight for 

some combinations of predictor values, which are estimated 

using Equation 4, are presented in Table 4 with a median score 

of 5 for neuroticism for illustrative purposes. These risks are 

also plotted in Figure 1 for a different set of  predictors. Figure 

1 shows that if the final multinomial model we identified 

is the true model, then normal weight women who plan to 

gain more weight than that recommended by the IOM are 

at very high risk of gaining excessive weight, and their risk 

is even higher if they have a habit of watching television in 

bed before sleeping. Table 4 shows that the probabilities of 

actually gaining weight more than, within, and less than the 

recommended range are estimated to be, for instance, 0.49, 

0.36, and 0.14, respectively, for a woman of normal weight 

who scores 5 on a scale measuring neuroticism, who does 

not watch television in bed, and who plans to gain weight 

that is within the range recommended by the IOM guidelines; 

however, these probabilities are estimated to be 0.92, 0.05, 

and 0.02, respectively, if a similar woman plans to gain weight 

that is above the recommended range.

Discussion
We used a multinomial logistic regression approach to 

assess the factors associated with the trinomial outcome of 

 excessive, appropriate, and inadequate GWG. In the analysis 

of excessive versus appropriate weight gain, not only were the 

conclusions about the significance of the predictors the same, 

but the estimates of effect sizes and P-values were also very 

similar in the multinomial analysis we performed here and 

in separate binomial analyses reported earlier,13 although the 

multinomial approach produced a smaller P-value (or nar-

rower CI interval) for one predictor. However, the set of pre-

dictors differed, and the estimated effect sizes and P-values 

for the common predictors also changed from the previous 

analysis for inadequate weight gain, where the subgroup size 

for separate binomial analysis was small and we derived the 

final set of predictors by variable selection.

The smaller P-value for a predictor from multinomial 

analysis for the outcome of excessive weight gain may be 

due to using data from inadequate weight gain simultane-

ously for multinomial analysis, whereas only a subgroup of 

data corresponding to excessive and appropriate weight gain 

categories were used for binomial analysis. It could also be 

due to using some data points in one analysis but not in other 

analysis, as we used a variable selection process to identify 

the final model under both the multinomial and separate 

binomial approach.

For analysis of inadequate weight gain, there may be 

several reasons why there were differences in the final 

sets of predictors identified by the two approaches. One 

explanation might be that the event rates were quite small 

and the sample size was also small (a total of 122 women 

gained either inadequate or appropriate weight) for this 

analysis. Unstable results in logistic regression analyses can 

be obtained in small-sized studies.16,17 Next, the maximum 

likelihood estimates of log-ORs in both analyses are biased 

in a small-to-moderate-sized study.18 In particular, complete 

separation of binary or multinomial cases in a profile or 

cell of multiple predictors is likely, and that can result in a 

too strong or unrealistic maximum likelihood estimate of 

the regression parameter.19 The maximum likelihood esti-

mates are only asymptotically normal around a true mean, 
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Table 4 Predicted probabilities of gaining excessive, appropriate, and inadequate gestational weight at a median value of neurotic score 
(X1)=5

Predictors Predicted probabilities of weight gaina

Planned GWG  
category

Prepregnancy  
BMI category

Bedtime TV  
watching

Excess Appropriate Inadequate

inadequate Underweight no 0.33 0.22 0.45
inadequate Underweight Yes 0.37 0.11 0.53
inadequate normal weight no 0.33 0.32 0.36
inadequate normal weight Yes 0.39 0.16 0.45
inadequate Overweight or obese no 0.12 0.15 0.73
inadequate Overweight or obese Yes 0.12 0.07 0.81
Appropriate Underweight no 0.53 0.28 0.19
Appropriate Underweight Yes 0.62 0.14 0.24
Appropriate normal weight no 0.49 0.36 0.14
Appropriate normal weight Yes 0.62 0.19 0.19
Appropriate Overweight or obese no 0.28 0.27 0.46
Appropriate Overweight or obese Yes 0.32 0.13 0.55
excess Underweight no 0.93 0.04 0.03
excess Underweight Yes 0.95 0.02 0.03
excess normal weight no 0.92 0.05 0.02
excess normal weight Yes 0.95 0.02 0.03
excess Overweight or obese no 0.81 0.06 0.12
excess Overweight or obese Yes 0.84 0.03 0.13

Notes: aIndicates predicted probabilities without accompanying confidence intervals. However, the predicted probabilities are just the estimates. Hence, there are certain 
levels of uncertainty in these, so they should not be viewed as fixed values.
Abbreviations: gWg, gestational weight gain; BMi, body mass index; TV, television.

and the P-values and CIs based on Wald’s statistic can be 

poorly calculated when the estimates are far from zero,20 

and our sample sizes for inadequate versus appropriate 

weight gain analysis might not be large enough to hold 

asymptotic results. For analysis of excessive weight gain, for 

which the sample size was moderate (a total of 244 women 

gained either excessive or adequate gestational weight), 

both analyses produced consistent results. However, it is not 

well understood how multinomial and binomial approaches 

perform in terms of type I and type II error rates in small-

to-moderate-sized studies involving complex survey data 

like ours, where the variable selection process took place 

prior to final model parameter estimations. In particular, 

when variable selection processes lead to different sets of 

predictors in the binomial and multinomial models, as in the 

case of inadequate versus appropriate analyses in our data, 

the resulting estimate, CI, or P-value even for the predictor 

selected in both analyses may not be comparable because 

the effects of different sets of predictors are adjusted in the 

two different models.

Given that our aim was to explore the contrast in the vari-

ables’ significance and corresponding estimates from multi-

nomial and separate binomial approaches, and we had already 

used the OR as an effect measure for the separate binomial 

approach in our previous publication, we used the OR as the 

effect measure in this study as well, while implementing a 

multinomial approach. However, for modeling the probability 

of common outcomes (.10% event rates), such as exces-

sive or inadequate GWG like in our study, the log-binomial 

regression model fitting would have been more suitable than 

separate binomial logistic or multinomial logistic regression 

model fitting. However, this procedure would lead to estima-

tion of relative risk as the effect measure as opposed to an 

odds ratio.21 The log-binomial regression model produces less 

biased and more robust/stable estimates of relative risk for 

common outcomes than does the multinomial or binomial 

logistic regression model. It is also important to note that 

the final multinomial model we developed was fitted on a 

population/aggregate level and has not been well validated; 

therefore, it may not be clinically useful for predicting the 

risk of individuals gaining too much or too little weight 

during pregnancy.

In conclusion, the multinomial modeling framework 

enables us to simultaneously test for association of categorical 

and continuous independent variables with different nominal 

categories. It also enables us to estimate the risk associated 

with each of the multiple categories (ie, obtain the predicted 

probabilities of all response categories) given a woman’s set 

of characteristics or behaviors from a carefully developed 

and well-validated model. However, comprehensive simu-

lation studies are needed to fully understand the operating 

characteristics of these methods.
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Figure 1 Plots of predicted probabilities of excessive and inadequate weight gain against neurotic score for different combinations of predictors. (A and B) Predicted 
probabilities of excessive weight gain for women who do not watch television and who do, respectively, before bed. (C and D) Predicted probabilities of inadequate 
weight gain for women who do not watch television and who do, respectively, before bed. in each plot, there are nine lines plotted for nine combinations of body 
mass index (BMi) and planned gestational weight gain (PgWg) categories: UW-i, underweight women who planned inadequately; nW-i, normal weight women planned 
inadequately; OO-i, overweight or obese women who planned inadequately; UW-A, underweight women planned appropriately; nW-A, normal weight women who planned 
appropriately; OO-A, overweight or obese women who planned appropriately; UW-e, underweight women who planned excessively; nW-e, normal weight women who 
planned excessively; OO-e, overweight or obese women who planned excessively.
Abbreviations: gWg, gestational weight gain; Pr, probability.
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