
Mitigation: Journal of Atmospheric and Earth Sciences 
Vol. 01, No. 1, October 2025, pp. 1~14 

ISSN: xxxxxx, DOI: xxxxxxxxxx     

 1  

 

Journal homepage: http://ijeecs.iaescore.com 

Ordinal Logistic Regression Analysis on the Nature of Monthly 

Rainfall Against ENSO, IOD, Monsoon and SST 
 
 

Andriyas Aryo1, Zauyik Nana Ruslana2, M. Y. Matdoan3  

 
1Badan Meteorologi klimatologi dan Geofisika, Yogyakarta, Indonesia 
2Badan Meteorologi klimatologi dan Geofisika, Yogyakarta, Indonesia 

3Department of Statistics, Faculty of Sciences and Tachonolgy,  

University of Pattimura, Ambon, Indonesia 

 

Article Info  ABSTRACT 

Article history: 

Received month dd, yyyy 

Revised month dd, yyyy 

Accepted month dd, yyyy 

 

 
Climate variability is strongly influenced by large-scale phenomena such as 

El Nino Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD), 
regional scales such as monsoon and local scales such as Sea Surface 

Temperature (SST) in waters close to a location. These climate phenomena 

interact with each other so that climate variability forms so that rainfall 

conditions can vary above normal, normal or below normal. Ordinal logistic 
regression is a regression method that can describe the relationship of climate 

phenomena to the nature of rainfall which is ordinal data. Based on partial 

tests, it was shown that ENSO, IOD and SST had a significant influence in 

influencing the nature of rain in the Semarang area. El Nino, Neutral IOD 
and IOD+ will provide an opportunity for above-normal or normal rainfall 

of 0.11, 0.20, 0.03 respectively against below-normal rainfall properties 

compared to their references (La Nina and IOD-). Meanwhile, SST can 

increase the chance of rain in the upper normal or normal category by 2.44 
compared to the below normal conditions. The probability of normal upper 

(lower) rainfall will increase when La Nina (El Nino) and IOD- (IOD+) occur 

accompanied by the warming (cooling) of SST in the Java Sea.  
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1. INTRODUCTION 

Climate information is one of the most important information today, as climate has a wide influence on 

all aspects of human life. Global warming triggers climate change, which has an impact on the frequency of 

extreme climates or climate stagnation. Indonesia is an archipelagic country located between two large oceans, 

namely the Indian and Pacific Oceans and flanked by two continents of Asia and Australia. Indonesia's 

geographical conditions cause the climate in Indonesia to be very complex. In general, the climate in Indonesia 

is influenced by global scale phenomena such as El Nino Southern Oscillation (ENSO) and Indian Ocean 

Dipole (IOD), regional scales such as monsoon and local scales such as Sea Surface Temperature (SST) 

[1,2,3,4]. These three phenomena interact with each other to form different climatic variabilities in Indonesia. 

Central Java is one of the number 3 rice barn areas in Indonesia [5]. Rice plants are highly dependent 

on climatic conditions, where climatic conditions with below-normal rainfall can trigger drought which can 

cause puso but conversely above-normal rainfall conditions can cause flooding or inundation. It is very 

important to know the dominant climatic phenomenon in influencing rainfall conditions in the Central Java 

region. By knowing the dominant phenomenon that affects rainfall conditions in Central Java, it is possible to 

anticipate adverse adverse impacts and optimize the beneficial impact of possible climate anomalies. 

https://journals.arcstics.id/Mitigation/index
https://creativecommons.org/licenses/by-sa/4.0/
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To interpret parameters and obtain a model of the relationship between the nature of rain (ordinal scale) 

with ENSO, IOD, Monsoon and SST, ordinal logistic regression model was used. Ordinal logistic regression 

is a regression model used to model the relationship between ordinal-scale polykotom categorical response 

variables and predictor variables that are categorical or continuous. Studies of ordinal logic regression have 

been widely carried out in the health [6], socio-economic [7], education [8], transportation [9] and many more 

sectors. Ordinal logistic regression is considered suitable to determine the relationship between the nature of 

rain as the response variable on an ordinal scale and the predictor variable is ENSO, IOD which is considered 

ordinal scale while SST and monsoon index are continuous. 

 

 

2. METHOD 
 

a. Research Location.  

In this study, monthly rainfall data measured at the Central Java Climatology Station was used. 
 

b. Research Data 

In this study, the data used was monthly rainfall data during the period 1992-2023 measured at the 

Central Java Climatology Station, which was then processed into ordinal-scale rain behavior data (response 

data). The nature of rainfall is a comparison of the amount of rainfall over a set period of time with its normal 

amount of rainfall (30-year average). The nature of rain is divided into 3 (categories), namely: 

➢ Above Normal (AN): if rainfall is more than 115% of normal 

➢ Normal (N): if rainfall is between 85%-115% of normal 

➢ below Normal (BN): if rainfall is less than 85% of normal 

The free variable data includes the ENSO Index, IOD index, SST in the Java Sea, and monsoon index, 

where the ENSO and IOD indices are ordinal-scale variables while SST and monsoon indexes are continuous-

scale variables. The definition of the free variables used in this study includes: 
 

➢ ENSO 

 ENSO is an anomaly in sea surface temperature in the eastern to central Pacific Ocean. If the sea surface 

temperature in the eastern to central Pacific Ocean warms (>0.5 °C), El Nino occurs, while it cools (< (-

0.5) °C), then the La Nina phenomenon  occurs [10].  

➢ IOP 

 IOD is a comparison of SST between the western Indian Ocean and the eastern Indian Ocean in the south 

of Indonesia. If the value is >0.4°C, it is called IOD+, while if it is <-0.4°C, it is called IOD-[11]. 

➢ SST 

 SST is the heat or cold of sea level. The SST used as a reference in this study is the sea SST in the South 

of Java Island with an area covering 4.5°S – 6.5°S and 109°E – 112°E. SST data in the Java Sea was 

obtained from the National Oceanic and Atmospheric Administration (NOAA) [12]. 

➢ Indek Monsun  

  A monsoon wind is a wind that blows throughout the year with a change of direction on a seasonal scale. 

During the rainy season, the Asian monsoon wind, which is the wind that blows from Asia to Australia, 

and in the dry season, the Austrian monsoon wind, which blows from Australia to Asia. To determine the 

strength of the monsoon winds blowing, one of them is the AUSMI monsoon index (Australian Monsoon 

Index) which is defined as the average zonal wind at an altitude of 850 mb in the area of 5°LS-15°LS and 

110°W-130°E [3]. To calculate the monsoon index, reanalysis data  downloaded from NOAA [13] was 

used. 

Table 1. Research Variables 

Variabel Remarks Kategorial Scale 

And 
Nature of 

Rain 

1 : Below Normal 

Ordinal 2 : Normal 

3 : Normal top 

X1 ENSO 

1: La Nina 

Ordinal 2 : Neutral 

3 : The Child 

X2 IOD 

1 : IOD- 

Ordinal 2 : Neutral 

3 : IOD 



Indonesian J Elec Eng & Comp Sci  ISSN: 2502-4752  

 

Paper’s should be the fewest possible that accurately describe … (First Author) 

3 

X3 SST   Continuous 

X4 Monsoon   Continuous 

 

c. Logistic Regression 

Logistic regression is a method that can be used to find the relationship between  a dichotomous 

(nominal/ordinal scale with two categories) or a polychotomous (nominal or ordinal scale with more than two 

categories) response variables and one or more categorical or continuous scale predictor variables [14]. The 

equation of the logistic regression model with p variables with the opportunity function 𝜋(𝑥) = 𝐸(𝑦|𝑥) is 

expressed in Equation 1. 

𝜋(𝑥) =  
𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑝𝑥𝑝

1+𝑒𝛽0+𝛽1𝑥1+𝛽2𝑥2+⋯+𝛽𝑝𝑥𝑝
                                  (1) 

Furthermore, to make it easier to estimate the regression parameters, a logit transformation is carried out from 

the following:𝜋(𝑥),  

𝑔(𝑥) = 𝑙𝑛 [
𝜋(𝑥)

1 − 𝜋(𝑥)
] = 𝛽0 + 𝛽1𝑥1 + 𝛽12𝑥2 +⋯+ 𝛽𝑝𝑥𝑝 + 𝜀       (2) 

1. Regresi logistik ordinal 

Ordinal logistic regression is a regression model used to model the relationship between ordinal-scale 

polykotom categorical response variables and predictor variables that are categorical or continuous. 

Cumulative odds are defined as follows:𝑃(𝑌 ≤ 𝑟|𝑥𝑖). 

𝑃(𝑌 ≤ 𝑟|𝑥𝑖) = 𝜋(𝑥) =
𝑒𝑥𝑝(𝛽0𝑟 +∑ 𝛽𝑘𝑥𝑖𝑘

𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽0𝑟 + ∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

       (3) 

where is the value of observation i (i = 1, 2, ..., n) of each p predictor variable. The estimation of ordinal logistic 

regression parameters is carried out by transforming to the logit function of  𝑥𝑖 = (𝑥𝑖𝑙, 𝑥𝑖2, … , 𝑥𝑖𝑝)𝑃(𝑌 ≤ 𝑟|𝑥𝑖) 

𝑙𝑜𝑔𝑖𝑡 𝑃(𝑌 ≤ 𝑟|𝑥𝑖) = 𝑙𝑛 (
𝑃(𝑌 ≤ 𝑟|𝑥𝑖

1 − 𝑃(𝑌 ≤ 𝑟|𝑥𝑖
)                   (4) 

By substituting Equation 3 into Equation 4, it is obtained 

𝑙𝑜𝑔𝑖𝑡 𝑃(𝑌 ≤ 𝑟|𝑥𝑖) = 𝑙𝑛

(

 
 

𝑒𝑥𝑝(𝛽0𝑟 +∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽0𝑟 + ∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

1 −
𝑒𝑥𝑝(𝛽0𝑟 + ∑ 𝛽𝑘𝑥𝑖𝑘

𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽0𝑟 +∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 ))

 
 

 

𝑙𝑜𝑔𝑖𝑡 𝑃(𝑌 ≤ 𝑟|𝑥𝑖) =  𝛽0𝑟 +∑𝛽𝑘𝑥𝑖𝑘                       (5)

𝑝

𝑘=1

 

With values for each 𝛽𝑘k=1, 2, ..., p in each ordinal logistic regression model is the same. 

If there are three categories of response variables, namely r = 0, 1, 2, then the cumulative probability of the r 

response is as follows: 

𝑃(𝑦 ≤ 1|𝑥𝑖) =
𝑒𝑥𝑝(𝛽01 + ∑ 𝛽𝑘

𝑝
𝑘=1 𝑥𝑖𝑘)

1 + 𝑒𝑥𝑝(𝛽01 + ∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

       (6) 

𝑃(𝑦 ≤ 2|𝑥𝑖) =
𝑒𝑥𝑝(𝛽02 +∑ 𝛽𝑘

𝑝
𝑘=1 𝑥𝑖𝑘)

1 + 𝑒𝑥𝑝(𝛽02 +∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

      (7) 

Based on the two cumulative chances in equations 6 and 7, the chances for each response category are as 

follows: 

𝑃(𝑌 = 1) = 𝜋1(𝑥) =
𝑒𝑥𝑝(𝛽01 + ∑ 𝛽𝑘𝑥𝑖𝑘

𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽01 +∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

 

𝑃(𝑌𝑟 = 2) = 𝜋2(𝑥) =
𝑒𝑥𝑝(𝛽02 +∑ 𝛽𝑘𝑥𝑖𝑘

𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽02 + ∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

−
𝑒𝑥𝑝(𝛽01 + ∑ 𝛽𝑘𝑥𝑖𝑘

𝑝
𝑘=1 )

1 + 𝑒𝑥𝑝(𝛽01 +∑ 𝛽𝑘𝑥𝑖𝑘
𝑝
𝑘=1 )

      (8) 

2. Parameter Estimation 

In determining parameter estimation in ordinal logistic regression, the Maximum Likelihood Estimator 

(MLE) method is used [15]. The MLE method provides β estimated value  by maximizing the likelihood 

function. If i is a sample of a population, then the general form of the likelihood function for the sample is up 

to n  

𝑙(𝛽) =∏[𝜋0(𝑥𝑖)
𝑦0𝑖  𝜋1(𝑥𝑖)

𝑦1𝑖  𝜋2(𝑥𝑖)
𝑦2𝑖]

𝑛

𝑖=1

                                     (9) 
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with i = 1, 2, ..., n. 

To get an estimate of β, Equation (9) must be adjusted  to make it  easier in the differential process, so that 

Equation (9) becomes: 

𝐿(𝜷) =∑[𝑦0𝑖 ln(𝜋0(𝑥𝑖)) + 𝑦1𝑖 ln(𝜋1(𝑥𝑖)) + 𝑦2𝑖 ln (𝜋2(𝑥𝑖))]

𝑛

𝑖=1

       (10) 

The maximum value of ln-likelihood is obtained by differentiating the function against and equalizing it with 

zero. The first derivative solution of a nonlinear function is carried out by the numerical method, namely 

Newton-Raphson iteration.𝐿(𝜷) 𝜷𝐿(𝜷) . 
 

3. Parameter Testing 

The coefficient values obtained from MLE need to be tested for the level of significance to the response 

variable, where the test carried out is a simultaneous and partial test. Simultaneous testing was carried out to 

find out how significant the coefficient ββ was to the response variable at the same time as the test statistics. 

The test statistics for simultaneous tests that can be used are  the G  test or Likelihood Ratio Test[16]. 

Hipotesis: 

𝐻0: 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0  

𝐻1 : 𝑝𝑎𝑙𝑖𝑛𝑔 𝑠𝑒𝑑𝑖𝑘𝑖𝑡 𝑎𝑑𝑎 𝑠𝑎𝑡𝑢𝛽𝑘 ≠ 0; 𝑘 = 1, 2, … , 𝑝 

𝐺 = −2𝑙𝑛 [
(
𝑛0
𝑛 )

𝑛0
(
𝑛1
𝑛 )

𝑛1
(
𝑛2
𝑛 )

𝑛2

∏ [𝜋0(𝑥𝑖)𝑦0𝑖𝜋1(𝑥𝑖)𝑦1𝑖𝜋2(𝑥𝑖)𝑦2𝑖]
𝑛
𝑖=1

]            (11) 

Where           𝑛0 = ∑ 𝑦0𝑖
𝑛
𝑖=1 𝑛1 = ∑ 𝑦1𝑖

𝑛
𝑖=1 𝑛2𝑖 = ∑ 𝑦2𝑖

𝑛
𝑖=1  

𝑛 = 𝑛0 + 𝑛1 + 𝑛2 
The area of rejection is if with a free derjad v or .𝐻0𝐺

2 > 𝜒(𝛼,𝑑𝑓)
2 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <  𝛼. 

 

Partial testing was carried out to determine the meaning of the partial coefficient using test statistics β Wald. 

Hipotesis : 

𝐻0: 𝛽𝑘 = 0 

𝐻1: 𝛽𝑘 ≠ 0; 𝑘 = 1, 2, … , 𝑝 

Wald test statistics 

𝑊 =
𝛽̂𝑘

𝑆𝐸(𝛽̂𝑘)
       (12) 

The area of rejection is or or with a free degree 𝐻0|𝑊| > 𝑍𝛼/2𝑊
2 > 𝜒(𝛼,𝑣)

2 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <  𝛼v 

In addition to testing the coefficients both simultaneously and partially, a model suitability test was also 

carried out. This test is carried out to determine the suitability of the model in describing the existing data[17]. 

The test statistics used are βPearson test statistics, with the following hypothesis: 

𝐻0 :𝑚𝑜𝑑𝑒𝑙 𝑠𝑒𝑠𝑢𝑎𝑖 
𝐻1:𝑚𝑜𝑑𝑒𝑙 𝑡𝑖𝑑𝑎𝑘 𝑠𝑒𝑠𝑢𝑎𝑖 

 Perason's statistical test is as follows: 

𝑋2 = ∑ ∑
(𝑦𝑖𝑗−𝑦̂𝑖𝑗)

2

𝑦̂𝑖𝑗

𝑘
𝑗=1

𝑛
𝑖=1       (13) 

 

Where: 

𝑦𝑖𝑗 is the observed frequency for category j at observation i 

𝑦̂𝑖𝑗 is the expected frequency for category j at observation i 
 

If the p-value > 0.05 fails to reject which means the model corresponds to the data𝐻0  
If the p-value < 0.05 minus it means that the model does not match the data𝐻0  
In addition to the Pearson test, the Deviance conformity test was also carried out , with the following  

hypothesis: 

 

𝐻0 :𝑚𝑜𝑑𝑒𝑙 𝑠𝑒𝑠𝑢𝑎𝑖 
𝐻1:𝑚𝑜𝑑𝑒𝑙 𝑡𝑖𝑑𝑎𝑘 𝑠𝑒𝑠𝑢𝑎𝑖 

 Test Deviance's statistics as follows: 

𝐷 = −2∑ [𝑦𝑖𝑗𝑙𝑛 (
𝜋̂𝑖𝑗

𝑦𝑖𝑗
) + (1 − 𝑦𝑖𝑗)𝑙𝑛 (

1−𝜋̂𝑖𝑗

1−𝑦𝑖𝑗
)]𝑛

𝑖=1   (14) 

Where: 

𝑦𝑖𝑗 is the observed value for category j at observation i 
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𝜋̂𝑖𝑗 is the probability predicted by the model for category j at the time of observation i 

(1-𝑦𝑖𝑗) is the observed value for a category other than j at the time of observation i 

(1-𝜋̂𝑖𝑗) is the probability predicted by the model for a category other than j in observation i 

 

If the p-value > 0.05 fails to reject which means the model corresponds to the data𝐻0  
If the p-value < 0.05 minus it means that the model does not match the data𝐻0  
 

4. Fashion Interpretation 

Model interpretation is a form of defining the unit of change in response variables caused by predictor 

variables and determining the functional relationship between response variables and predictor variables. To 

facilitate the interpretation of the model, the odds ratio value is used[18]. The odds ratio value  used in the 

interpretation of ordinal regressive regressive coefficients is a value that shows the comparison of the level of 

tendency of two or more categories in one predictor variable with one of the categories used as a comparison. 

If it is assumed that the response variable with Y=0 is the comparative response variable, then the odds ratio 

for Y=I with Y=0 at the covariate value of x = a with x=b is as follows: 
 

𝑂𝑅𝑖(𝑎, 𝑏) =
𝑃(𝑌 = 𝑖|𝑥 = 𝑎)/𝑃(𝑌 = 0|𝑥 = 𝑎)

𝑃(𝑌 = 𝑖|𝑥 = 𝑏)/𝑃(𝑌 = 0|𝑥 = 𝑏)
 

 

3. RESULTS AND DISCUSSION 

In this study, to interpret the parameters and model of the relationship between the nature of rain and 

ENSO, IOD, monsoon and SST is to use an ordinal logistic regression model with a limitation of the analysis 

period only in the period of June - October. The June-October period is a dry season period that is very 

vulnerable to climatic anomalies. 

  

a. Distribution of Rainfall 

Based on data analysis, information was obtained that during the 1992-2023 dry season period, the 

percentage of rain events with below-normal rainfall tended to be more dominant (51.9%) compared to normal 

(38.1%) and normal (10%) rainfall, as shown in Table 2. 

Table 2. Distribution of rainfall properties 

Yes Nature of Rain Frequency Prosentase 

1 Top Normal 61 38.1 

2 Normal 16 10.0 

3 Top Normal 83 51.9 

Quantity 160 100 

 

b. Simultaneous Test  

The simultaneous test was carried out to determine the influence of predictor variables on the response 

variables simultaneously using the G test or Likelihood Ratio Test, the test results are shown in Table 3. 

 

 

Table 3. Simultaneous test 

 
Based on Table 3. it shows that the G test value  is 67,449 greater than 𝜒(5:0.05)

2  11.07 and based on  the p-

value  is known to have a significance level of 0 < 0.05. This means that a decision was rejected, meaning that 

there is at least one predictor variable that has a significant effect on the nature of monthly rain during the dry 

season period in the Semarang area.𝐻0 

 

c. Partial Test 

Based on the results of the ordinal logistics analysis, the constant values and coefficients of each variable 

in the model will be obtained, as shown in Table 4. Based on Table 4. There are two model constants that show 

the existence of two response variables in the ordinal logistic regression model. This indicates that there are 

two logit models that will be formed. Based on Table 4. Partial test results were obtained for each predictor 

variable, namely ENSO, IOD, SST and monsoon, where the variables that have a significant influence on the 

nature of monthly rainfall are ENSO, IOD, and air temperature with  a p-value of < 0.05, while the monsoon 

is not significant because the p-value is > 0.05  
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Table 4. Parameters of the estimated result 

 
 

Because monsoon is not a predictor that has a significant influence on the nature of monthly rainfall 

in the study area, the monsoon variable is eliminated in the ordinal logistic regression model, and new 

parameter estimation results are obtained as shown in Table 5. 

 

Table 5. Parameters of the estimated result 

 
Based on Table 5. Information was obtained that partial testing of each coefficient value of the constant and 

the predictor variable showed a p-value of < 0.05, meaning that the independent variable used had a significant 

influence on the response variable except for the Neutral ENSO variable. 

 

d. Model Fit Test 

Based on the results of the model match, it shows that  the Chi-square value of Pearson's  test is 311,544 

with a p-value of 0.513 and  the Deviance  test is 232,829 with a p-value of 1, so the decision taken is that the 

decision to fail to reject Ho because of the p-value > 0.05. Thus, at a 95% confidence level, it can be said that 

the ordinal logistic regression model obtained appropriately describes the existing data conditions. 

 

e. Model Logit 

In the ordinal logistic regression model with 3 response variables, 2 logit models will be obtained, where 

the value of the constant coefficient and the independent variable is shown in Table 5. The equation of the 

formed logit model can be written as follows: 

𝐿𝑜𝑔𝑖𝑡 (𝑌1) = −24.022 − 2.251𝑋1,3 − 1.628𝑋22 − 3.5𝑋23 + 0.892𝑋3 

𝐿𝑜𝑔𝑖𝑡 (𝑌2) = −23.422 − 2.251𝑋1,3 − 1.628𝑋22 − 3.5𝑋23 + 0.892𝑋3 
There are 2 logit models formed, where the log model 1 is a logit model that distinguishes between the normal 

upper category to normal and below normal, while the logit 2 model distinguishes between the normal upper 

and normal lower categories. The value of the negative constant at logit 1 and logit 2 means that when all the 

free variables (El Nino, neutral IOD, IOD+ and SST) are zero, then the chance of rain in the upper normal and 

normal categories is very low respectively. 

f. Odds Ratio 
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The odds ratio  value for each variable is calculated so that the risk of each independent variable can be 

determined against the response variable. Based on Table 5, it shows the El Nino odds ratio value of 0.11, 

meaning that when the ENSO condition is El Nino, the chance of normal or normal upper category rain is 0.11 

times with below normal rain conditions (89% smaller) compared to La Nina conditions. When IOD is Neutral 

and IOD+, the chance of rain above normal or normal is 0.20 and 0.03 times respectively with below-normal 

rain conditions (smaller 80% and 97% respectively) compared to IOD-. Meanwhile, the odd ratio for SST is 

2.44, meaning that SST can increase the chance of rain in the upper normal or normal category by 2.44 

compared to the lower normal conditions.  

 

g. Influence of ENSO, IOD and SST 

Based on the results of ordinal logistic regression, it is shown that ENSO, IOD and SST have a 

significant influence on the nature of rain in the dry season. When El Nino coincides with the cooling of sea 

surface temperatures in the Java Sea, the probability of normal below-normal rainfall is higher than during 

neutral and La Nina conditions, on the other hand, when La Nina occurs followed by warming SST in the Java 

Sea, the probability of normal upper rainfall is higher than during Neutral and El Nino conditions, as shown in 

Figure 1. 

 
                                                   a          b  

Figure 1. Probability of Below Normal (a) and Above Normal (b) rainfall at the time of ENSO 

 

At the time of IOD+ along with the cooling of the sea surface temperature in the Java Sea, the probability 

of below-normal rainfall is higher than during neutral and IOD-conditions, on the other hand, when IOD-is 

followed by the warming of SST in the Java Sea, the probability of normal upper rainfall is higher than during 

Neutral and IOD+ conditions, as shown in Figure 2. 

 

   
  A                                                                            b 

Figure 2. Probability of Below Normal (a) and Above Normal (b) rain at the time of IOD 

 

 

4. CONCLUSION 

Based on the results of data processing and ordinal logistic regression analysis, several conclusions were 

obtained as follows: 

1. Based on the analysis of the distribution of rainfall data during the June-October dry season for the 

period 1992-2023, it shows that the incidence of below-normal rainfall is more dominant, namely 

51.9% and above normal at 38.1% of the total data, this indicates that the climatic variability/rainfall 

in the Semarang area is quite high in the dry season.  

2. The ordinal logistic regression that is formed can describe the existing climatic conditions (rainfall 

properties) characterized by  a significant Pearson and Deviance  model match test with  a p-value of 

> 0.05.  
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3. Based on partial tests, it was shown that El Nino, neutral IOD and IOD+ and SST in the Java Sea were 

significant in influencing the nature of rain in the study area.  

4. In general El Nino, Neutral IOD and IOD+ have a very small chance of triggering normal or normal 

rain compared to below normal rainfall when compared to La Nina and IOD- (for reference), 

characterized by  odds ratios of 0.11, 0.20 and 0.03 respectively. Conversely, SST can increase the 

chance of normal or normal upper category rain by 2.44 compared to its below normal conditions. 

5. The probability of rain above normal will be higher in the event of La Nina and/or IOD- accompanied 

by a warming SST in the Java Sea. On the other hand, the probability of below-normal rainfall will 

be higher if El Nino and or IOD+ occur accompanied by the increase in SST in the Java Sea. 
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