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Abstract
Maternai health status is often measured in medical studies on an ordinal scalc, but data ofthis 
type arc gencrally redueed for analysis to a single dichotomv. Scverrl statistical models hâve 
bcen developcd to makc fui 1 use of information in ordinal response data, but have not been much 
used in analyzing pregnancy outcomes. The authors discussed two of thèse statistical models 
the ordinal logistic régression model and the multinomial logistic régression model. Logistic 
régression models arc1 used to analyze the dépendent variable with mulr.ple outcomes which can 
cithcr be ranked or not. In this study, we described two logistic régression models for analyzing 
the catcgorical response variable. The first model uses the proportion-! odds model while the 
second uses the multinomial logistic régression model. The fits of these models using data on 
delivery from a Nigérian State hospital record/database were illustrated and comparcd to study 
the pregnancy outcomes. Analyses based on th'ese models were carried out using STATA 
statistical package. The Multinomial logistic régression was found to be an important alternative 
to the ordinal régression technique when proportional odds assumption failed. The weight of the 
baby and the mother's history of disease (treated or not treulcd) were found to be important in 
determining the pregnancy outcome.

Kevw ords: Likelihood function, Multinomial régression. Ordinal régression, Parallelism, 
Response variable.

In troduction
Ordinal logistic régression lias the saine goal as ordinary least squares (O LS) régression 

in w hich w e m ay w ish to m odel a dépendent variable in tenus o f  one or m ore independent 
variables. How ever, OLS régression is for continuons (or nearlv continuons) dépendent 
variables; logistic régression is for dépendent variables that are caiegorical. The dépendent 
variab le  m ay have tw o categories (e.g., alive/dead; m ale/fem alc; R epublican/ Dem ocrat) or 
m ore th an  tw o categories. I f  it has m ore than tw o categories they m ay be ordered (e.g. Live 
birth /S tillb irth /A bortion) or unordered (e.g. M arried/single/divorced/w idow ed/other). 
Logistic régression deals w ith these issues by transfonning  the dépendent variable. Rather 
than  using the categorical responses, it uses the log o f  the odds ra 're  o f  being in a particular 
category for each com bination o f  values o f  the independent variables. The odds is the sam e as 
in gam bling, for exam ple, 3-1 indicates that the event is three tim es more likcly to occur than 
not. The ratio o f  the odds is taken in order to allow us to considcr the effect o f  the independent 
variables. The log o f  the ratio is then taken so that the final num ber goes from  -8 to J-8, whcre 
0 indicates no cffect, and the resuit is sym m etric around 0, rather than 1. A depoju and 
A dcgbite (2009) used ordinal logistic régression m ethod to exam ine the relationship 
betw een the outcom e variable, different levels o f  s ta ff status in the Lagos State Civil Service 
o f  N igeria; the explanatory variables are Gender, Indigenous status, Educational 
Q ualification, Prcvious Expérience and Age. The study revealcd that tw o explanatory 
variables natnely, Education Q ualification and Previous W orking Expérience significantly 
predicted  the probability  o f  an individual s ta ff  being a m em ber ol .tnv o f  the three levels o f 
s taff status.
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Several Works hâve been done using  Ordinal Logistic Régression m odel. The w o rk sr 
across m edical, social and econom ical phenom ena. Plank, Stephen B. and Jordan. Will J 
(1997) used  the logit m odel to pred ict college going behavior and found out that the 
p robability  o f  cam pus rcsidcncy increased  with the percentage oi students living on campus 
in the absence o f  m onetary constraints. The concepts o f  logistic régression are discussed by 
A gresti (1996), H osm er and L em eshow  (2000). This paper deals w ith  m odeling pregnancy 
ou tcom e as dépendent variable.

The m ultinom ial logit on the o ther hand, is a generalization o f  the logistic régression 
m odel to the case w here there exists m ore than tw o outcom es, and w here the outcom es are 
no t ordered. For instance, the case o f  pregnancy outcom e can bc treated as unordered.
T here  are several reasons w hy the use o f  C L S with categorical dépendent variables is a bad 
idea:
• Firstly, the residuals cannot be norm ally  distributed (as the OLS m odel assum es), 
since they  can only take on one o f  several values for each com bination o f  level o f  the 
independen t variables.
• Secondly, the OLS m odel m akes nonsensical prédictions, since the dépendent 
variab le  is not continuous - e.g., it m ay predict that som eone does som ething m ore than 'ail 
the tim e '.
• Finally, for nom inal dépendent variables, the coding is com pletelv arbitrary, and for 
ord inal dépendent variables it is (at least supposedly) arbitrary  up to a m onotonie 
transform ation. Yet recoding the dépenden t variable w ill give verv  different results.

Methodology
O rdinal logistic régression refers to the case where the dépendent variable has an order. 

T he m o st com m on ordinal logistic m odel is the proportional odds m odel. The m odel was 
o rig inally  proposed by W alker and D uncan (1967) called C um ulative Logit m odel and now 
called  proportional model by M cC ullagh ( 1980).

The Model I

C onsider the follow ing équation;y *  =  X f P +  Ci 2.0
Since the dépendent variable is catcgorized, wc use

P ( Y <  ; | x )
c k ( x )  =  In

and
P ( Y  >  , | x )

/ n  =  Po +  P A  +  £ 2*2  +  P A  +  -  +  P A

The m odel assum es a linear relationship for each logit and parallel régression Unes.

2.1

Assumptions of Ordinal Models
• R elationship  betw een probabilities and follow s the assum ed form  (norm al for probi:. 

logistic for logit).
• Parallel régressions C oefficient is the sam e across ail possible eut point o f  the outcom e 

i.e equal slopes, (proportional odds for logistic m odels). I f  not, the generalized ordered 
logit is used.
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A pplica tion  a n d  D iscussion
Data used for m odel 1 was obtaincd from  delivery records/database in a State hospital in 

Nigeria. The records for individual patient w crc system atically satnpled over the course o f 
the m onths in the last quarter o f  2008'. Sum m ary o f  the data displayed in Table 1.0. The 
ordinal responsc variable 'pregnancy outcom e' refers to the proccss o f  the end o f delivery by 
which a fétus lcavcs the m othcr's womb. The outcom e was catcgorized as live birth, stillbirth 
and abortion (A dclckc .K. A 2009). The response variables are coded as follows:

b U Uvebirth
Y ■■■=■î y stillbirth

2 y abortion

Table 1.0 Case Processing Summary

N

M a r g i n a l

P e r c e n t a g e

R esponsc LIV EB IR TH 57 57.0%

* STILLBIRTH 32 32.0%

A BO RTIO N 11 11.0%
A ge 35-50 15 15.0%

25-34 55 55.0%

15-24 30 30.0%

A ntenatal REGULAR 35 35.0%

O N C E IN A W H ILE 40 40.0%

N O T A T A L L 25 25.0%

D iseasçs YES BU T N O T  TREATED 2 2 . 0 %

YES bu t treated 41 41.0%

NO 57 57.0%
Parity H IG H (>=6) . 3 3.0%

L O W (l< 6) 54 54.0%

NULLIPARA 43 4 3 .0 %

W eight <2500 44 44.0%

> -2 5 0 0 56 56.0%
Valid 100 100.0%
M issing 0

Total 100

Table 2.0 show s the estim âtes o f  the param eters, standard errors o f  the estim âtes. 
W ald's statistics, and confidence intervals. The W ald's values show ed that o f  ail the factors 
Parity, A ge and A ntenatal show ed no significant im pact on the outcom e o f  pregnancy. O thers 
nam ely; D isease and W eight are statistically  significant, that is, d isease and w eight are 
im portant factors in determ ining the outcom e o f  birth. It can also be traccd on table 2.0 at the 
top left hand co rner w here we hâve inform ation for the overall m odel fit. The log-likelihood 
o f -63.94 and likelihood ratio  with 5 d .f  is 57.67 with probability  o f  0 .0000 m eaning that we 
reject the null hypothesis o f  zéro coefficient o f  the overall estim ate.
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Table 2.0

O rdinal logistic régression N um ber o f  obs = 100

L.R
* î =  57.67

Prob > / '  =  0.0000

Log likelihood = - 63.94 P seudo.s; =  0.3108

ESTIM ATES

Rcsponsc C oefficient d .f Std. Err. W alds (z) P > |z | [C onfidence interval]

Age 0.3933 2 0.4522 0.87 0.384 -0.4931 1.2797

A ntenatal 0.2657 2 0.3195 0.83 0.406 -3605 0.8920

D iseases -1.991 2 0.5057 -3.93 0.000 -2.9803 -0.9979

Parity -0.0898 •> 0.5254 -0.17 0.864 -1.1196 0.9399

W eight 2.8032 1 0.6262 4.48 0.000 1.5757 4.0307

tC u t 1 2.9159 1.4090 1.5419 5.6777

/C u t 2 5.6274 1.4880 2.7109 8.5439

In Table 3.0, the odds o f  a w om an w ith history o f  baby 's w eight less than 2.5kg are 
16.5 tim cs m ore likely to hâve a live birth than w om en w ith history  o f  babics 2.5kg. The 
odds could be as little as 4.8 tim es or as m uch as 56.3 tim cs w ith 95%  confidence. The factor, 
diseases revealed tha t w om en w ith  history o f  diseases (w hether treated or no t) hâve the 
chance o f  having  a live birth is 0.14, wliile w om en w ithout history  o f  diseases hâve 86%  
chance o f  having a live birth. The odds could be as little as 0.041 tim es as m uch as 0.37 times 
w ith  95%  confidence.

lam e a .if

R E SPO N SE O dds Ratio

i au il en ouus

Std. Err. Z P>M [95% C onf. Interval]
■ "P 1,1

A G E 1.481871 0.6701924 0.87 0.384 0.6107245 3.595635
ANTENATAL 1.304398 0.4168052 0.83 0.406 0.6972982 2.440066
D ISEA SE 0.136811 0.0691857 -3.93 0.000 0.0507769 0.3686173
PARITY 0.914053 0.4802457 -0.17 0.864 0.3263983 2.559734
W EIG H T

1
16.49827 10.33275 4.48 0.000 4.834336 56.30407

/C u ti 2.915949 1.409083 0 .154197  5.6777
/C ut2  5.627454 1.48804 ' 2 .710949 8.54395

In table (4.0), Pearson and D éviance test show ed that the p-values for the tw o tests in both 
logits are not significant, indicating good overall fit o f  the m odel.
A ssum ption o f  parallelism  States that only the intcrcept is allow ed to varv. Fig 1.0 interprets 
w h a t w e hâve from  our estim âtes.
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Table 4.0
Goodness-of-Fit

C h i-S q u a re df Sig.

Pearson 85.732 85 .457

Déviance 74.197 85 .792

Link function: Logit.

Table (5.0) also show ed thaï the assum ption fails. The value o f 22.42 a t 9 d .f  and w ith  p-value 
o f 0.008 com pares with =16.92, is less hence w e reject the hypothesis o f  equal slopes i.e the 
location param eters (slope coefficients) are not the sam e across response categories.

Table 5.0

Test o f  Parallel Lines(c)

-2 Log

Model Like lihood Chi-Square df Sig.

NulHypothesis 94.133

General /1./0(a) 22.42/(b) g .008

Therefore the assum ption fails and this led to an alternative technique, m ultinom ial logistic 
Régression.

Fig 1.0: Parallel Régression with Different Intercepts and Cutpoints 

Multinomial Logistic Régression
M ultinom ial Logistic Régression (M LR) is an extension o fb in a ry  logistic 

regressionto discrete/nom inal outcom e variables. This m odcl was proposed by M cFadden 
( 1974), A m odification o fth e  logistic m odel w hich is also called  a d iscrète choice m odel. It 
was laterreferred to as polychotom ous or Polytom ous/M ultinom ial logistic régression m odel 
In health  and life sciences (H osm er Lem eshow (20Q 0)). In the ordinal logistic m odel w ith the

14

UNIV
ERSITY

 O
F I

BADAN LI
BRARY



proportional odds assum ption, thc m odel includcd j - 1 different intercept estim âtes (w here j is 
the num her o f  levcls o f  thc dépendent variab le  but onlv one estim ate o f the param eter is 
associatcd w ith  thc independent variables. I f  the dépendent variable is not ordered, however, 
th is assum ption rnakes no sense (i.e., because w e could reorder the levels o f  the dépendent 
variable arb itrarily ). The m ultinom ial m odel generates j-1 sets o f  param eter estim âtes, 
com paring d ifferen t levels o f  the dépendent variable to a base level. This m akes thc model 
C onsiderably  m ore com plex, but also m uch m ore flexible.

Adclckc K..A and Adcpoju: A.A. J. Res. Sci. Mgl 1 ’ol 6 No. 1 Dec (2008). Vol 7 No. I Dec (2009). pp 10-19 (2009)

The Model II
A ssum ing w e hâve k categories o fou tcom e variables, Y. coded 0 ,1 .......k - 1. U sing Y =0 as thc
baseline outcom e or référencé point and frorn a logit com paring Y =1, Y =2.......Y = k -1 to it.
To develop the m odel, assum e w e hâve p covariates and a constant tcrm  denoted by the 
Vector, o f  length  p + 1 hcre =  1, w e hâve

AO) = ln i O i
0 / x \

= P,o + ^ X 1 + P 12X 2 + - + P lpX p 

= X ’P t  3.0

A nd for k - 1

A-iO) = ln[«y = (fc -  i)Q i
Y  =  0 / x  J

£ (* -1 )0  +  £ ( k - l ) l * l  +  £ (* -1 )2 ^ 2  +  £ (k ~ l )pX p

X ' P ü - t  31

H ence, the conditional probabilities o f  each outcom e categories given the covariate vector 
are;

Pr(y, = 1 W  = TTtJ
for m  = 1

1 + Z J bxp ( x j l j )

Pr(y i = mlx:) =
fo rm >  1 3.2

The likelihood fonction for independent observation is
n

=  ] ~ [ O o O i ) y“ T n O , ) y ,i w 2o i P "
t= i

Taking the first d ifférence, and equating to zéro gives the likelihood estim ator
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Application

For th em u ltin o m ia l m odel, one w ay to check m odel fit is to chcck each o f  the b inom ial 
m odels, separately. An observation witli a residual that is far from 0 (both sides) is poorly  fit 
by the m odel, A point vvith h igh/levcrage lias huge influence on the param eter estim âtes. 
Several m easurcs hâve been proposed fo r analyzing residuals; influential points and high 
level po in ts (H osm er and L em eshow  (2000)). This m ethod is applied using the sam e data on 
thep regnancy  outcom es from  a State H ospital (table 1.0).
O utpu t from  the m ain effect m odel is explained below.
From  the table 1.0, the rcsponse variable is the outcom e which as coded above is: live birth  
(0), Stillbirth  ( 1 ), and A bortion (2). Abortion being the w orst case is usée as reference point or 
baseline

.Interprétation and Assessment of Fit and Diagnostic for Multinomial Logistic 
Régression

W e obtained values for the estim âtes, standard error and W ald's as described in table 
(6 .0). T he essentiai th ing to rem em ber is that there are really  two équations (one few er than 
the num ber o f  categories). Eqn (i) com pares w om en w ith live birth as outcom e to abortion as 
outcom e o f  pregnancies. and eqn (ii) com pares those w hose outcom es are stillbirth to 
abortion. U nlike.ordinal logistic, the tw o équations hâve different intercept as vvell as slopes, 
the assum ption  o f  parallelism  does not hold.
Exam ination o f  the W alds statistics in the table (6.0) show ed that for live birth , presence or 
absence o f  diseases and w eigh t are statistically  influencing the chance o f  having live birth 
against abortion.

6.03 -  0.99S9A -  0 .3094n +  2.3523D + 0.2740P -  3.60441V ... (i)

A W  =  ln
fp (y=l/jr)l
Lp(y=2/*)J

2.836 -  0.41894c +  0.2744A n  -  0.6047D -  0.3017P 4- 0.06361V 00

The odds ratio  am ong the w om en with m iddle âge and above having a live birth o f  0.4 tim es as 
likely to hâve a live birth than are w om en o f  low er âge group. The odds could  be as little as 
0.078 tim es or as m uch as 1.7 tim es larger with 95%  confidence. W hile for stillbirth . m iddle 
aged  w om en and above are  0.35 tim es m ore like'ly to hâve a stillbirth than w om en o f low er 
group âge and the odds could  be as little as 0.16 tim es or as m uch as 2.7 tim es g rea terw ith  95 
%  confidence.
P resence or absence o l diseases in live birth  gives the odds o f  w om en w ith  history  o f  diseases 
treated or not treated having  a live birth is 10.5 greater than w om en w ithout h is to n  o f  
d iseases. The odds could be as little as 1.9 tim es or as m uch as 56.42 tim es larger with 95 
confidence. W hile in stillbirth , the odds o f  w om en with history o f  diseases treated or ne : 
treated  having  a live birth is 0.05 i.e 5%  lesser than w om en w ithout history  o f  diseases. The 
odds could be as little as 0.13 less tim es o r as m uch as 2.28 tim es larger w ith 95n o confidence. 
The fit of the data to the m odel is as show ed in table (8.0). The R1 Pearson chi- square and 
D éviance statistics com puted are 0.99 and 1.000 respectivelv com pared  with level o f T
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shovved that the m odel lias a good fit. The pseudo o f  0.3797 does not gives the actual 
in terprétation as in OLS H osm er and L em eshow  (2000). G enerally in logistic are usually 
sm all.

Table 6.0 Multinomial Logistic Régression

M ultinom ial logistic régression N um ber o f  obs

LR  x*0 = 70.46

Prob > * = 0.0000

Log likelihood = -57.551098 Pseudo R = 0.3797

R E SPO N SE Coef. Std. Err. z P>|z| [95%  Conf. Interval]

LIV EB IR TH

A G E -0.9958 0.7881 -1.26 0.206 -2.5406 0.5488

AN TEN ATA L ' -0.3091 0.5301 -0.58 0.560 -1.3481 0.7299 '

D ISEA SE 2.3523 0.8574 2.74 0.006 0.6717 4.0329

PA R IT  Y 0.2739 0.9045 0.30 0.762 -1.4989 2.0469

W E IG H T -3.6044 1.2378 -2 .9 1 0.004 -6.0301 -1.1783
_cons 6.0302 2.6293 2.29 0.022 0.8768 11.1836

STILLBIRTM

A G E -0.4189 0.7190 -0.58 0.560 -1.8282 0.9902

A N TEN A TA L 0.2744 0.4768 0.58 0.565 -0.6601 1.2090

D ISEA SE -0.6046 0.7297 -0.83 0.407 -2.0350 0.8256

PA RITY -0.3017 0.8278. -0.36 0.715 -1.9241 1.3207

W E IG H T 0.0636 1.2423 0.05 .0 .959 -2.3713 2.4985

_cons 2.8359 2.6495 1.07 0.284 -2.3570 8.0288

(R E SPO N SE  ==A BO RTIO N  is the base outcom e)

Conclusion
The choice betw een ordinal and m ultinom ial are w hether the m ore com plex m odel offers 
either

( 1 ) G reater insight into the substantive area, or 
(2) Bctter fit or substantially  different fitted values.
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O ne substantive différence betw een the tw o m odcls is that, in m ultinom ial m odcl, w eight bas 
négative effcct on the odds ratio com paring live birth to abortion (OR = 0.03 i.e 3% per kg) 
but a large statistically  sign ificant effect on the ORs com paring stillbirth  to abortion (OR =
1.06 per kg). W hile in ordinal logistic, the ORs for live birth  or abortion are the sam e as ORs 
for stillbirth or abortion for any o f  the covariate.
O ne w ay to com pare the fit o f  the tw o m odels is to com pare the predicted outcom es w ith the 
actual outcom es. The fit fo r the ordinal m odel was shown in table (4.0), w hile the one for 
m ultinom ial m odel is in table (8.0). The m ultinom ial m odel actually  fits than ordinal model. 
H ence, in sum m ary, there is no reason to prefer the m ore com plicatcd modcl.
i. The proportional odds assum ption is not violated,
ii . The ordinal m odei fits the data slightly better than nom inal model.
iii. The predicted  p regnancy  outcom e is quite sim ilar in the tw o m odels.
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APPENPIX

Table 7.0 Model Fitting Information

Model Fitting Criteria Likelihood Ratio Tests

-2 Log
Model > o BIC Likelihood Chi-Square df Sig.

Intercept Only 159.090 164.300 155.090

Final 100.090 152.194 60.090 94.999 18 .000

Table 8.0 Goodness-of-Fit

Chi-Square df S ig .
Pearson 44.477 76 .999

Déviance 40.154 76 1.000

Table 9.0 Classification

Predicted

Observed LIVEBIRTH STILLBIRTH ABORTION
Percent
Correct

LIVEBIRTH 50 7 0 87.7%

STILLBIRTH 5 27 0 84.4%

ABORTION 2 8 1 9.1%

Overall Percentage 57.0% 42.0% 1.0% 78.0%
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