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Abstract— The analysis used in dealing with maternal 

mortality factors in the postpartum period can be used as a 

reference in preventing maternal death in the postpartum 

period. Appropriate analysis is needed to reduce maternal 

mortality rates in the postpartum period. This study uses 

multinomial logistic regression to analyze the data of mothers 

dying in the postpartum period based on the main variables 

causing maternal death. Multinomial logistic regression process 

is carried out by looking at data records of variables that 

influence maternal mortality. In the first experiment using data 

from midwife visits for seven days, the results of the multinomial 

logistic regression process with the highest maternal mortality 

occurred on the fourth day with anogenital variables reaching a 

percentage of 32.4% of the causes of maternal death. 

Multinomial logistic regression processes are combined with 

cloud computing technology so that data can be processed more 

quickly and can be used together. 

Keywords—Cloud Computing, Multinomial Logistic 

Regression, Postpartum, Maternal Mortality 

I.  INTRODUCTION  

Postpartum is the most vulnerable time when the recovery 
process of the mother's womb back to normal so that it needs 
regular monitoring by medical personnel, the puerperium 
usually lasts six weeks or forty days [1]. 

Maternal Mortality Rates (MMR) is a scale used to 
determine the number of maternal deaths. As per 2013 
statistics, maternal mortality rates amounted to 289,000 
people worldwide each year. This statistic has shown an 
increase of 2000 cases more than in 2010 which is 287,000 
worldwide. Sub-Saharan Africa contributes 62% (179,000) of 
deaths worldwide in 2013. This statistic shows a substantial 
increase of 17,000 cases in the region compared to 2010 
statistics [2]. Therefore, a system that can monitor the 
development of the maternal mortality index in the postpartum 
period is needed, so that it can more quickly show the results 
of any policies carried out by the government to succeed or 
not to suppress that number [1]. 

At present, the technology used to reduce the risk of 

maternal death in the postpartum period uses microcontroller 

technology, combined with the Least Mean Square (LMS-

based algorithm) to detect the patient's heart rate in real-time. 

This system has a disadvantage because it sees maternal 

mortality based on one variable, namely heart rate [3]. 

The application of logistic regression methods is very 

relevant in measuring the relationship between categorical 

dependent variables and is usually a continuous independent 

variable by changing the dependent variable into a probability 

value. Multinomial logistic regression refers to cases where 

the results can have three or more possible types. Multinomial 

logistic regression method is used if the response variable is 

categorical (nominal or ordinal) with predictive variables that 

are continuous or categorical [4].  

In this study proposing cloud computing technology as a 

new technology in business networks and models, this 

technology has succeeded in attracting many domestic and 

foreign enthusiasts including various fields of computer 

science and technology. Cloud-based systems can provide a 

better model and provide convenience in resource sharing, 

development, and speed in processing data [5]. 

Seeing the utilization of technology that has not been 

maximized in managing maternal data died during the 

postpartum period, in this study a multinomial logistic 

regression cloud computing system will be built to analyze 

data on mothers dying during postpartum. 

II. PROPOSED METHOD 

A. Tools and Materials 

The material used in this study is the postpartum maternal 

examination visit data conducted by the midwife for seven 

consecutive days then the data is stored in a database. After 

the data is stored in the database then the data is grouped 

based on which data needs to be analyzed to do which factor 

classification influences maternal death using data analysis 

method of the multinomial logistic regression category.  

Data were obtained from Bhakti Bunda clinic health 

service data spread across several cities in Central Java as a 

sample of the health service population of all cities in Central 

Java Province for the period of 2017-2018. Monitoring focus 

using data contained in the examination of vital signs in the 

form of blood pressure, respiration rate, pulse, temperature, 

eyes, abdomen, extremities, and anogenitalia. 

B. Research Stages 

To achieve the research objectives, there are several steps that 

have been carried out. Beginning with the business process 

carried out in this study as follows: 

 Data of maternal examination visits in the 

postpartum period were used as inputs to be 
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analyzed using multinomial logistic regression 

methods. 

 Determine the initial model, likelihood ratio test, the 

final model, and the estimated opportunity,  

For business processes in the maternal death system during 

postpartum. We design in the form of the information system 

framework shown in Figure 1: 

 
Fig. 1. System Framework Maternal Mortality 

 

1) Logistic Regression Method 

Multinomial logistic regression models are used to 

analyze the relationship between one response variable in 

the form of a death index and several independent 

variables. For example “x” the independent variable size 

"(p + 1)" and the response variable "Y (r category)" has 

the categories "j = 0, 1, 2, ..., r-1" with the probability of 

response "π1, π2, ... ., πr-1 "and “∑ πj
r−1
j=1 = 1” [6]. 

Conditional probability: 

 
P(y = j|x) = πj(x), j = 1, 2, . . . , r − 1
 (1) 

  

The logistic regression model nominal r category has r-1 

logit function if taken "y = 0" as the base category, then 

the logit function is owned: 
  

g1 (x) =ln [
P(y=1|x)

P(y=0|x)
]= ln [

π1(x)

π0 (x)
](2) 

                          …….. 

gr−1(x) (x) =ln [
P(y=r−1|x)

P(y=0|x)
]= ln [

πr−1(x)

π0 (x)
] 

 

From conditional probability “P(y=j|x)=πj(x), j=1, 2, ..., r-

1” can be written: 

π0 =
1

1 + eg1(x) + eg2(x) +  … + egr−1(x)
   

(3) 

 

π1 =
eg1(x)

1 + eg1(x) + eg2(x) +  … + egr−1(x) 

π2 =
eg2(x)

1 + eg1(x) + eg2(x) + … + egr−1(x) 

                          …….. 

πr−1 =
egr−1(x)

1 + eg1(x) + eg2(x) + … + egr−1(x) 

With: 

g1(x) = β10 + β11x1 +   … + β1pxp (4) 

g1(x) = β10 + β11x1 +  … + β1pxp 

                              …….. 

gr−1(x) = β(r−1)0 + β(r−1)1x1 +   … + β(r−1)pxp 

 

Parameter estimation in multinomial logistic regression 

analysis is used to determine the initial model, parameter 

estimation is used maximum likelihood method with 

Newton raphson iteration which requires the first partial 

derivative and the second partial derivative of the 

likelihood function. 

 

The likelihood function for a sample of "n" observations 

independently is: 

 

l(β) = ∏ πo(x1)y0iπ1(xi)
y1iπ2(xi)

y2i

n

i=1

 
(5) 

 

Then the first partial derivative is carried out so that the 

general shape is obtained: 

 

𝜕2𝐿(𝛽)

𝜕𝛽𝑗𝑘𝜕
= ∑ 𝑥𝑘𝑖(𝑦𝑗𝑖 − 𝜋𝑗𝑖)

𝑛

𝑖=1

 
(6) 

 

Followed by the second partial derivative. 

 

𝜕2𝐿(𝛽)

𝜕𝛽𝑗𝑘𝜕𝛽𝑗′𝑘′

= ∑ 𝑥𝑘′𝑖𝑥𝑘𝑖𝜋𝑗𝑖𝜋𝑗′𝑖

𝑛

𝑖=1

 
(7) 

 

With Newton Raphson's iteration method, the initial 

estimation is selected for “β” such as “β̂ = 0” then 

calculated “M (Y-π(x))” and “ Î(β̂) ”, then calculated 

inverse “ Î(β̂) ” where each “i+1” is calculated as a new 

estimate: 

 

β̂(g+1) =  β̂(g) + Î(β̂)−1{M(Y − π(x))} (8) 

 

The iteration ends when it gets: 

 

β̂(g+1) ≅ β̂(g) (9) 

 

It is a test by comparing a model containing “β̂(g+1)”  as 

an independent variable and “β̂(g)” as a model that does 

not contain independent variables. This test is also used to 

analyze whether the significance model or model does not 

match the hypothesis. 

 

H0: β1k= β2k = ... = β(r-1)p= 0  

H1: one of βjk ≠ 0, with j=1, 2, ..., r-1, k= 1, 2, ..., p 

Likelihood statistical test. 

 

G =  −2 ln [
likelihood without independent variables

likelihood with independent variables
] 

(10) 

 

Test criteria: reject “H0” when “G > X2
(α,v)” with “v =

(c − 1) ∑ (Jk − 1)
p
k=1 ”.  
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Wald test is used to find out which independent variables 

have a stronger relationship with the response variable. 

 

Hypothesis:  H0: βjk= 0  

  H1: βjk≠ 0 with j= 1, 2, ..., r-1, k=1, 2, ..., p 

 

The significance level is “α”. 

 

Test statistics: Wjk =  {
β̂jk

se(β̂jk)
}

2

 

(11) 

 

Test criteria: reject H0 when Wjk >>X2
(α,1) 

 

The odds ratio is defined as the ratio of a successful 

variable value to a variable that has failed. In other words, 

the odds ratio explains how much influence the success 

variable is compared to the failed variable on an 

experiment or observation. In the case of research with 

multinomial logistic regression, this value can be seen 

from the value of Exp (B) on the results of data analysis 

contained in SPSS 16 output. These results will show the 

effect of each independent variable on the dependent 

variable. 

The odds ratio is defined as: 

 

θ =
Ω

Ω
=

π1|1 − π1

π2|2 − π2

=
π1

π2

×
1 − π2

1 − π1

 
(12) 

 

The odds ratio can be interpreted as a relative risk when: 

 
1 − π2

1 − π1

≈ 1 
(13) 

 

2) Cloud Computing Maternal Mortality 
Cloud computing is an Internet-based technology and tries 
to disguise its complexity for clients. Cloud providers use 
virtualization technology combined with self-service 
capabilities to calculate resources through the network 
infrastructure, especially the internet. Cloud has several 
VMs (VMs) hosted as infrastructure. In the cloud, 
customers only need to pay for what they use. Cloud 
computing refers to two applications provided as services, 
namely through the internet and system hardware and 
software in the data center that provides these services [7]. 

The cloud computing architecture in this study begins by 
including maternal mortality data in the postpartum period 
into the cloud database to be analyzed using multinomial 
logistic regression methods. The cloud computing system 
scheme in this study can be seen in Figure 2. 

III. RESULT AND DISCUSSION 

The results of the data calculation of the mother died in 

the postpartum period using the data obtained at the midwife's 

visit for seven consecutive days, can be seen in Table I. 
 

 

Fig. 2. Architecture Cloud Computing 

 
TABLE I. VISIT DATA 

Condition Vital Signs H1 H2 H3 H4 H5 H6 H7 

Normal 

blood 
pressure 

4 5 3 2 5 3 5 

respiration 

rate 
3 5 4 5 2 5 3 

pulse 2 2 3 5 2 5 2 

body 

temperature 
3 1 2 2 5 2 5 

eye 2 3 5 1 4 1 4 

abdomen 5 2 2 3 3 3 3 

ekstemitas 2 5 5 2 3 5 3 

anogenitalia 1 3 2 5 2 2 2 

Abnormal 

blood 

pressure 
3 2 1 3 5 1 5 

respiration 
rate 

2 1 3 2 2 3 2 

pulse 5 3 2 5 2 5 1 

body 

temperature  
4 1 5 2 5 2 3 

eye 3 3 3 1 4 1 5 

abdomen 2 5 2 3 3 3 2 

ekstemitas 2 2 2 2 3 5 1 

anogenitalia 1 1 1 5 2 2 3 

  

A. Opportunity Estimation Analysis 

The results of the seven-day midwife visit data were used 

as input for processing using multinomial logistic regression 

methods. Obtained opportunity estimates and exponential 

estimates of opportunities. The estimated opportunities can 

be seen in Table II. 
 

TABLE II. ESTIMATION OF OPPORTUNITIES 

Variable P1 P2 P3 P4 P5 P6 

 -0.815 -0.292 -0.565 0.762 -0.121 -0.179 

VS1 0.568 -0.139 -0.41 -1.381 0.232 -0.69 

VS2 0.937 0.393 0.837 -0.343 0.021 0.702 

VS3 1.754 0.74 1.02 0.504 0.501 1.423 

VS4 0.773 -1.157 0.382 -1.393 0.436 -0.474 

VS5 0.321 -0.178 0.397 -2.202 0.098 -1.284 

VS6 1.249 0.562 0.29 -0.513 0.402 0.404 

VS7 0.928 0.776 1.065 -0.685 0.64 1.144 
 

Furthermore, an exponential value of opportunity 
estimates is needed to be used in the analysis of opportunity 
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estimates. Exponential estimation of opportunities can be seen 
in Table III. 

 
TABLE III. EXPONENTIAL ESTIMATION OF OPPORTUNITIES 

Variable 
Exp 

g1(x) 
Exp 

g2(x) 
Exp 

g3(x) 
Exp 

g4(x) 
Exp 

g5(x) 
Exp 

g6(x) 

blood 

pressure 
0.781 0.650 0.377 0.538 1.117 0.419 

respiration 

rate 
1.130 1.106 1.313 1.520 0.905 1.687 

pulse 2.557 1.565 1.576 3.547 1.462 3.469 

body 

temperature 
0.959 0.235 0.833 0.532 1.370 0.520 

eye 0.610 0.625 0.845 0.237 0.977 0.232 

abdomen 1.543 1.310 0.760 1.283 1.324 1.252 

ekstemitas 1.120 1.623 1.649 1.080 1.680 2.625 

anogenital 0.443 0.747 0.568 2.143 0.886 0.836 

B. Analysis of Maternal Mortality Factors in the 

Postpartum Period 

The main factors that influence maternal death can be seen 

from the eight main factors in the form of blood pressure, 

respiration rate, pulse, temperature, eyes, abdomen, 

extremities, and anogenitalia. Using the multinomial logistic 

regression method can be seen the highest factor of maternal 

death in the postpartum period for seven days.  

The experiment used data from midwife visits during the 

seven days obtained results, namely the first day of the 

highest percentage of death in abdomen variables with a 

percentage of 18,2%, for the second day the highest mortality 

was in the variable of abdomen with a percentage of 15,5% 

and ekstemitas with a percentage of 15,1%, than the third day 

are eye with a percentage of 18,7%, for the fourth day the 

highest mortality was shown in the variable anogenital with a 

percentage of 32,4%, for the fifth day the highest death was 

shown in the variable body temperature with a percentage of 

25,1%, for the sixth day the highest death was shown in the 

variable ekstemitas with a percentage of 24,4% and the 

seventh day of death was the highest in the eye variable with 

a percentage of 22,1%. The percentage can be seen in Tables 

IV.  

From the results of the study, in analyzing the data of 

mothers died during postpartum using cloud computing 

technology. Cloud computing is able to produce software 

systems that are able to process data more quickly in 

analyzing the influence of variables that appear in the data 

analysis of mothers dying during postpartum using 

multinomial logistic regression methods. 

IV. CONCLUSION 

From the results of the study in analyzing the data of mothers 

dying in the postpartum period, the results showed that the 

patient's condition had no effect on the death of the mother 

during postpartum because the mother who died in the 

postpartum period was not necessarily in an abnormal 

condition but the effect was eight variables of vital signs. 

namely the first day of the highest percentage of death in 

abdomen variables with a percentage of 18,2%, for the 

second day the highest mortality was in the variable of 

abdomen with a percentage of 15,5% and ekstemitas with a 

percentage of 15,1%, than the third day are eye with a 

percentage of 18,7%, for the fourth day the highest mortality 

was shown in the variable anogenital with a percentage of 

32,4%, for the fifth day the highest death was shown in the 

variable body temperature with a percentage of 25,1%, for the 

sixth day the highest death was shown in the variable 

ekstemitas with a percentage of 24,4% and the seventh day of 

death was the highest in the eye variable with a percentage of 

22,1%.  
 

TABLE IV. MOTHER'S DEATH ESTIMATION IN POSTPARTUM 
PERIOD 

Vital Signs D1 D2 D3 D4 D5 D6 D7 

blood 

pressure 
0.16

0 

0.13

3 

0.07

7 

0.11

0 

0.22

9 

0.08

6 

0.20

5 

respiration 

rate 
0.13

0 

0.12

8 

0.15

2 

0.17

6 

0.10

4 

0.19

5 

0.11

5 

pulse 
0.16

9 

0.10

3 

0.10

4 

0.23

4 

0.09

6 

0.22

9 

0.06

6 

body 

temperature 
0.17

6 

0.04

3 

0.15

3 

0.09

8 

0.25

1 

0.09

6 

0.18

4 

eye 
0.13

5 

0.13

8 

0.18

7 

0.05

2 

0.21

6 

0.05

1 

0.22

1 

abdomen 
0.18

2 

0.15

5 

0.09

0 

0.15

1 

0.15

6 

0.14

8 

0.11

8 

ekstemitas 
0.10

4 

0.15

1 

0.15

3 

0.10

0 

0.15

6 

0.24

4 

0.09

3 

anogenitalia 
0.06

7 

0.11

3 

0.08

6 

0.32

4 

0.13

4 

0.12

6 

0.15

1 

 

 
Fig. 3. Percentage of Maternal Mortality during Postpartum 
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