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Abstract 
Tidal floods are a regular threat in the coastal area of North Medan, which includes Medan Belawan, Medan Labuhan, 

and Medan Marelan. This research aims to map the level of vulnerability to tidal flooding using the Ordinal Logistic 

Regression (RLO) approach combined with Geographic Information Systems (GIS). Nine factors were analyzed: 
rainfall, drainage density, land use, distance from rivers, distance from the sea, soil type, elevation, slope, and 

topographic aspects. The analysis showed that rainfall, elevation, and distance from the sea were the most significant 

factors. The vulnerability map shows that 7.6% of areas are classified as highly vulnerable, 64.74% high, 27.36% 

medium, and only 0.3% low. The accuracy of the model reached 87.84%. These results provide a solid foundation 
for spatial planning, disaster mitigation, and coastal adaptation strategies. 
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INTRODUCTION 
North Medan area is a coastal region that is often affected by tidal flooding due to the rise in sea 

levels exceeding land elevation. Over the past few decades, flood disasters have increased and become 

more frequent and more destructive compared to previous times (Dubey & Katarya, 2021). The rise in sea 

levels has caused several losses, especially in coastal areas, such as tidal flooding disasters or rob (Arief 

& Aris, 2014). Saputra et al., (2020) conducted a research on the vulnerability level of tidal flooding with 

several factors, such as land data, environmental conditions, and social factors, in an effort to determine 

effective and efficient methods for handling tidal flooding. Saputra conducted data analysis using AHP 

(Analytical Hierarchy Process). 

Farino et al., (2021) conducted a follow-up research to compare the results of Saputra et al., (2020) 

research. Farino conducted data analysis using Binary Logistic Regression.  

The research conducted is a continuation and modification of the research by Saputra and Farino 

to compare the factors influencing tidal flood vulnerability. The analysis used in this research employs 

Ordinal Logistic Regression to determine the relationship between the dependent variable (Y) and the 

independent variable (X), and then combines it with Geographic Information System (GIS). Flood 

mapping should ideally be conducted using Geographic Information System (GIS)-based software. 

Software becomes the main tool of the information system for inputting, storing, retrieving, processing, 

analyzing, and generating geographic reference data or geospatial data. 

LITERATURE REVIEW 
 

1. Factors of tidal flood vulnerability 
Several ordinal logistic regression factors for determining areas prone to tidal flood disasters in 

North Medan in this research were identified from existing research literature, namely rainfall, drainage 

density, land use, distance from rivers, distance from the sea, soil type, elevation, aspect, and slope. The 
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explanation of these factors is as follows: 

A. Rainfall 

Rainfall is a significant factor contributing to flood risk, as higher rainfall levels tend to increase the 

likelihood of flooding (Hidayah et al., 2022). 

B. Drainage Density 

Urban areas often have varying levels of drainage infrastructure, and when system capacity is 
insufficient, factors like drainage density need to be carefully considered (Natkaniec & Godyń, 2024). 
C. Land use 

Land use or land cover in an area is also a key consideration in mapping flood-prone zones, as it not 

only represents current land utilization but also emphasizes its role in influencing soil stability and water 

infiltration (Ouma & Tateishi, 2014). 
D. Distance from the river 

Tidal flooding disasters are not solely caused by seawater overflow during high tides; they can also 

result from river water overflow. A natural factor influencing river overflow is rainfall, as both high and 

low rainfall levels can impact the river’s flow rate and contribute to flooding (Yance et al., 2024). 
E. Soil Type 

Soil type criteria take into account the proportions of clay and sand in an area. High clay content 

hinders water infiltration, causing floodwaters to recede more slowly. In contrast, a high sand content can 

accelerate flooding, as low-permeability soils tend to retain surface water, increasing the likelihood of 

pooling (Simanjuntak & Gunarto, 2025). 
F. Elevation 

Lowland areas are more prone to flooding due to their lower elevation, as water naturally flows from 

higher to lower ground. (Osman & Das, 2023). 
G. Slope 

Slope values reflect the steepness of the terrain, where lower slope values indicate flatter topography 

and higher values signify steeper land. The susceptibility to flooding varies accordingly. Slopes are 

typically classified into five distinct categories based on their gradient. (Desalegn & Mulu, 2021). 
H. Aspect 

According to Papaioannou et al., (2015), the evaluation of criteria includes analyzing the river's 

position and the direction of storms that frequently lead to flooding in the area. Storms originating from 

the north make regions located between 157.0° and 202.5° south particularly vulnerable to flooding due 

to their exposure to these weather patterns. 
I. Distance from the sea 

Rising sea levels can contribute to tidal flooding in coastal regions by increasing the likelihood and 

intensity of seawater overflow onto land. (Jabbar et al., 2023). Tidal flooding results from the overflow of 

seawater, making coastal regions the first to be affected—particularly those with elevations lower than 

the high tide level. 

2. Ordinal Logistic Regression 

Regression analysis is used in various fields of study, such as health, engineering, science, 

economics, management, and social sciences (Hosmer and Lemeshow, 2000). Logistic Regression 

Analysis is used in model creation where the dependent variable is categorical (non-metric) and the 

independent variable can be continuous or categorical (Arofah, 2018). Regression analysis is a method 

used to analyze the relationship between two or more variables. If the dependent variable is ordinal, then 

for data classification, ordinal logistic regression analysis can be used (Gunawan et al., 2022). 

The model that can be used for ordinal logistic regression is the logit model. This model is obtained 

by comparing the cumulative odds, which is the odds of being less than or equal to the j-th response 

category on p predictor variables expressed in the vector X, P(Y≤j|X), with the odds of being greater than 

the j-th response category, P(Y>j|X) (Hosmer and Lemeshow, 2000). Cumulative probability, P(Y≤j|X), is 

defined as follows: 

𝑃(𝑌 ≤ 𝐽|𝑋) =  
exp(𝛽0𝑗+ ∑ 𝛽𝑘𝑋𝑘)

𝑝
𝑘=1

1+ exp(𝛽0𝑗+ ∑ 𝛽𝑘𝑋𝑘)
𝑝
𝑘=1

                      (1) 
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𝜋̂𝑖 =  
exp(𝑔(𝑥𝑖))

1+(𝑔(𝑥𝑖))
    (2) 

𝑔(𝑥1) =  𝛽0 − ( 𝛽1𝑥𝑛 + ⋯ + 𝛽𝑝𝑥𝑖𝑝), 𝑖 = 1,2, … , 𝑛               (3) 

Ordinal logistic regression analysis can be performed using several tools as follows: 
A. R Program 

Ordinal logistic regression can be used to assess the relationship between predictors and ordinal 

outcomes. Data can fit an ordinal logistic regression model in R using MASS::polr() (proportional odds 

logistic regression) (James et al., 1996). 

B. SPSS Program 

SPSS is often the primary choice due to its ease of use for many universities and research institutions 

to conduct statistical training. SPSS also simplifies the process of importing data, managing variables, 

and executing various commands without requiring complex coding (Nanere et al., 2025). 
3. Spearman Correlation 

Spearman correlation (Spearman's rank correlation coefficient, ρ or "rho") is a non-parametric 

statistical method used to measure the strength and direction of the relationship between two variables 

measured on an ordinal scale or when the data do not meet the assumption of normal distribution (Frost, 

2021). Spearman's correlation is more commonly used than others and is easily interpreted as a 

correlation coefficient, and this correlation can be empirically calculated and easily applied to continuous 

and discrete data (Tu et al., 2024). The formula of Spearman's correlation is as follows: 

𝜌 = 1 −
6 ∑ 𝑑𝑖

2

𝑛(𝑛2−1)
    (4) 

In determining the strength of the relationship between variables, one can refer to the correlation 

coefficient value obtained from the SPSS output (Pamungkasih, 2023), with the following provisions: 
 Table 1. Criteria for Correlation Strength Levels  

Correlation coefficient value Correlation criteria 

0,00 - 0,25 
0,26 - 0,50 

0,51 - 0,75 
0,76 - 0,99 

1,00 

Very weak relationship 

Relationship is fair 
Strong relationship 

Very strong relationship 

Perfect Relationship 

 

4. Geographic Information System (GIS) 
Geographic Information System (GIS) has developed and applied in various fields of life. The 

existence of GIS also helps the community in providing various information (Agus et al., 2018). Remote 

sensing technology, which involves the use of satellite vehicles, has become a highly useful and effective 

alternative in various activities such as natural disaster studies, regional mapping, natural resource 

inventorying, and environmental monitoring. One of the applications of GIS is the use of the Quantum 

Geographic Information System (QGIS) Processing Modeler (Ezrahayu, 2024). The components that 

make up GIS are software, hardware, data, users, and applications (Andree Ekadinata et al., 2008). 

 

METHOD 

This research is a type of quantitative descriptive research. This research is a type of research that 

aims to describe or depicting a phenomenon, condition, or problem systematically and objectively using 

numerical or quantitative data. The sample used in this research test consists of 170 samples from 329 

neighborhoods, expected to represent the entirety of the North Medan area. The sample represents the 

number of neighborhoods in the North Medan area. Data on tidal flooding was taken from the tidal flood 

vulnerability parameter map in the North Medan region. Then, the data was analyzed using ordinal 
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logistic regression. 

In this research, ordinal logistic regression analysis uses 9 factors of tidal flood vulnerability, 

namely: rainfall, drainage density, distance from the river, land use, soil type, elevation, slope, aspect, and 

distance from the sea. Data to support the creation of the rob flood vulnerability map in this thesis was 

collected from the research conducted by Saputra et al., (2020) titled "Mapping Rob Flood Vulnerability 

Zones in the North Medan Region using AHP and GIS." The process of integrating ordinal logistic 

regression and GIS consists of classifying factors on the existing map and analyzing data using statistical 

programs such as SPSS 26 and RStudio, resulting in probability values to be later integrated into GIS. The 

classification process involves changing the parameters present in the

existing map into values so they can be processed arithmetically. Each classification has a value as 
explained in Table 2. This classification is applied to all maps based on each criterion, and the 

classification process uses GIS. 

Table 2. Risk level classification 

 

Level of tidal flood 

      vulnerability  

Score Color notation 

Very low 

Low 

Medium 

High 

Very high 

1 

2 

3 

4 

5 

Dark Green Light 

Green  

 Yellow  

Orange 

Red 

 

RESULTS AND DISCUSSION 

The stage before determining the logit model is to create Training Data to observe the training data 

with the highest percentage, which will then be used for future modeling with the logit model. Training 

data uses several environmental samples, namely 170 and 329 environments, as the full data set. Ordinal 

logistic regression analysis includes several tests, among them: Odds Ratio, Partial test, and classification. 

The results of the data processing can be seen in the table below, along with their interpretation. 
1. Odds Ratio Software SPSS and RStudio Odds Ratio Software SPSS and RStudio 

The results of the data analysis using a subset of data, namely 170 environments with normal 

variables, can be seen in the table below: 
Table 3. Odds Ratio for a Sample of 170 Environments with 9 Factors 

Symbol Name Variable SPSS R 

Exp(β) Odds Ratio X1 

X2 

X3 

X4 

X5 

X6 

X7 

X8 

X9 

-0,228 

0,821 

5,586 

5,847 

3,281 

-0,095 

. 

3,978 

20,896 

-0,228 

0,821 

5,586 

5,847 

3,281 

-0,095 

. 

3,978 

20,896 

Based on the results of Table 3 we can interpret the Odds ratio or Exp (β) column as follows: 
1. The rainfall variable shows a negative sign in both statistical programs, which means that the 

greater the value, it can reduce the level of flood vulnerability by -0.228 times in the SPSS 

program and the R program. 

2. The drainage density variable can increase the tendency of flash flood vulnerability by 0.821 

times in the SPSS program and the R program. 

3. The land use variable can increase the tendency of flash flood vulnerability by 5.586 times in 
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the SPSS program and the R program. 

4. The variable distance to the river can increase the tendency to be prone to flash flooding by 5.847 

times in the SPSS program and in the R program. 

5. The soil type variable can increase the tendency to be vulnerable to flash flooding by 3.281 

times in the SPSS program and in the R program. 

6. The elevation variable is marked negative in both statistical programs, which means that the 

greater the value, it can reduce the level of tidal flooding prone by 0.095 times in the SPSS 

program and the R program. 
7. The slope variable is a redundant variable, therefore this variable can be ignored. 
8. The aspect variable can increase the tendency to be prone to flash flooding by 3.978 in the SPSS 

program and in the R program. 

9. The distance to the sea variable can increase the tendency to be threatened to 20.896 times in 

the SPSS program and in the R program. 

The Threshold value of 170 environmental samples is: 

Table 4. Threshold Value 170 Environment 9 Factors 

Threshold Coef ꞵ  

g(3) 
g(4) 

0,496 
30,437 

The ordinal logistic regression model will produce a predictive value in the form of logit (log 

odds), and the logit model requires a threshold to convert that value into a category. The logit model 

produced from the training data for sample 170 is as follows: 

g(3) = 0,496 – (-0.228(X1) + 0,821(X2) + 5,586(X3) + 5,847(X4) + 3,281(X5) + (-0,095(X6)) + 

3,978(X8) + 20,896(X9)) 

g(4) = 30,437 – (-0.228(X1) + 0,821(X2) + 5,586(X3) + 5,847(X4) + 3,281(X5) + (-0,095(X6)) + 

3,978(X8) 
+ 20,896(X9)). 

The results of data analysis using some data, namely 329 environments with normal variables, can 

be seen in the following table: 
Table 5.  Odds Ratio for a Sample of 329 Environments with 9 Factors 

Symbol Name Variable SPSS R 

Exp(b) Odds Ratio 
 

X1 

X2 

X3 

X4 

X5 

X6 

X7 

X8 

X9 

 

3,887 

-0,073 

3,178 

6,008 

0,951 

5,610 

. 

2,896 

3,473 

 

3,887 

-0,073 

3,178 

6,008 

0,951 

5,610 

. 

2,896 

3,473 

Based on the results of Table 5 we can interpret the Odds ratio or Exp (β) column as follows: 
1. The bulk variable can increase the level of flash flood vulnerability by 3.887 times in the SPSS 

and R programs. 

2. The drainage density variable shows a negative sign in both statistical programs, which means 

that the greater the value, it can reduce the level of tidal flood vulnerability by 0.073 times in the 

SPSS and R programs. 

3. The land use variable can increase the tendency of flash flood vulnerability by 3.178 times in the 

SPSS and R programs. 

4. The distance variable to the river can increase the tendency to be prone to flash flooding by 6.008 
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times in the SPSS and R programs. 

5. The soil type variable can increase the tendency to be prone to being threatened by flooding by 

0.951 times in the SPSS and R programs. 

6. The elevation variable can increase the level of flood prone by 5.610 times in the SPSS and R 

programs. 

7. The slope variable is a redundant variable, therefore this variable can be ignored. 

8. Aspect variables can increase the tendency to be prone to flash flooding by 2,896 in the 

SPSS and R programs. 

9. The distance to the sea variable can increase the tendency to be threatened to 3.473 times in the 
SPSS and R programs. 

The Threshold value of 329 environmental samples is: 

Table 6. Threshold Value 329 Environment 9 Factors 

Threshold Coef ꞵ  

g(2) 
g(3) 
g(4) 

2,645 
9,831 
20,256 

The ordinal logistic regression model will produce a predictive value in the form of logit (log 

odds), and the logit model requires a threshold to convert that value into a category. The logit model 

produced from the training data for sample 329 is as follows: 

g(2) = 2,645 – (3,887(X1) + (-0,073(X2)) + 3,178(X3) + 6,008(X4) + 0,951(X5) + 5,610(X6) + 

2,896(X8) + 3,473(X9)) 

g(3) = 9,831 – (3,887(X1) + (-0,073(X2)) + 3,178(X3) + 6,008(X4) + 0,951(X5) + 5,610(X6) + 

2,896(X8) + 3,473(X9)) 
g(4) = 20,256 – (3,887(X1) + (-0,073(X2)) + 3,178(X3) + 6,008(X4) + 0,951(X5) + 5,610(X6) + 
2,896(X8) + 3,473(X9)) 
 

2. p-value Software SPSS and RStudio 9 Factors 
 

 Table 7. p-value Partial Test for 170 samples with 9 Factors  

Simbol Nama Variabel SPSS R 

Sig. p-value 
X1 

X2 

0,912 

0,425 

0,912 

0,425 

  
X3 0,000 

0,000 

0,043 

0,972 

. 

0,008 

0,000 

0,000 

0,000 

0,043 

0,972 

. 

0,008 

0,000 

  
X4 

  
X5 

  
X6 

  
X7 

  
X8 

  
X9 

Table 7 presents several independent variables, some of which have significance (p-values) below 

0.05, indicating a partial effect on the dependent variable (flood vulnerability), while others have p-values 

above 0.05, suggesting no significant partial effect. Specifically, variable X1 (rainfall) has a significance 

value of 0.912 (>0.05), indicating no significant partial influence. Similarly, X2 (drainage density) with a 

p-value of 0.425 also shows no significant effect. In contrast, X3 (land use) has a significance value of 

0.000 (<0.05), signifying a significant partial influence. The same applies to X4 (distance to the river), 

which has a p-value of 0.000. X5 (soil type) is significant as well, with a value of 0.043. Meanwhile, X6 
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(elevation) has a p-value of 0.972, suggesting no partial effect. X7 (slope) is identified as a redundant 

variable, indicating it does not contribute significantly. X8 (aspect), with a p-value of 0.008, and X9 

(distance to the sea), with a value of 0.000, both demonstrate significant partial influences on flood 

vulnerability. 

Table 8. p-value Partial Test for sample 329 with 9 Factors 

 

Simbol Nama Variabel SPSS R 

Sig. p-value 

X1 

X2 

0,000 

0,894 

0,000 

0,894 

  

X3 0,000 

0,000 

0,247 

0,000 

0,000 

0,000 

0,247 

0,000 

  

X4 

  

X5 

X6 

  

X7 . 

0,038 

0,000 

. 

0,038 

0,000   

X8 

    X9 

Table 8 displays several independent variables, some of which have p-values below 0.05, indicating 

a significant partial effect on the dependent variable (flood vulnerability), while others have p-values 

above 0.05, indicating no significant effect. Specifically, X1 (rainfall) has a significance value of 0.000 

(<0.05), showing a significant partial influence. X2 (drainage density), with a p-value of 0.894 (>0.05), 

does not show a significant effect. X3 (land use) and X4 (distance to the river) both have significance 

values of 0.000, suggesting strong partial influences. X5 (soil type), with a significance value of 0.247, 

does not have a significant effect. In contrast, X6 (elevation) shows a significant influence with a p-value 

of 0.000. X7 (slope) is identified as a redundant variable, indicating no significant contribution. X8 

(aspect), with a p-value of 0.038, and X9 (distance to the sea), with a value of 0.000, both exert significant 

partial influences on flood vulnerability. 

 
3. SPSS and R Program Classification Scores 

Table 9. Accuracy Rate for a Sample of 170 Environments with 9 Factors 

SPSS dan R 

Medium High Very High Accuracy 

4 190 27 66,26% 

Based on Table 9, the number of samples that received a difference in the level of flood prone to 

flooding compared to the previous data after the logit model was applied to the entire data set with a 

moderate level of vulnerability was 4 environments. The sample that received a high level of flooding 

prone to flooding was 190 neighborhoods. The sample that received a very high level of vulnerability to 

flash floods was 27 neighborhoods. Meanwhile, the overall percentage value is 66.26%, which means that 

the accuracy of the logit model for the training data of 170 samples is 66.26%. 

 
Table 10. Accuracy Rate for 329 Environments Sample with 9 Factors 

SPSS dan R 

Medium High Very High Accuracy 

71 195 23 87,84% 

Based on Table 10, the number of samples that received a difference in the level of flood prone to 

flooding compared to the previous data after the logit model was applied to the entire data set with a 
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moderate vulnerability level was 71 environments. The sample that received a high level of flooding 

prone to flash floods was 195 neighborhoods. The sample that received a very high level of vulnerability 

to flash floods was 23 neighborhoods. Meanwhile, the overall percentage value was 87.84%, which 

means that the accuracy of the logit model for the training data of 329 samples was 87.84%. 
4. Spearman Correlation Analysis Results 

The results of the spearman correlation analysis carried out in this research are as follows: 
Table 11. Spearman Correlation Values 

 X1 X2 X3 X4 X5 X6 X7 X8 X9 

Spearman’s rho 

(𝜌) Sig. 

.684 

.000 

-.347 

.000 

.037 

.509 

.453 

.000 

.249 

.000 

.680 

.000 

. 

. 

.122 

.027 

.563 

.000 

Based on the table above, there is a spearman correlation value. There is a strong and positive 

relationship between the variables X1 and Y. The value of the ρ coefficient of 0.684 indicates that when the 

value of X1 increases, the value of Y also tends to increase. The significance value is 0.000 < 0.05, hence 

this relationship is statistically significant. There is a negative and sufficient relationship between the 

variables X2 and Y of -0.347, meaning that an increase in X2 is likely to be followed by a decrease in the 

value of Y. This relationship is statistically significant because the significance value is 0.000 < 0.05. 

There is a very weak and insignificant relationship between X3 and Y with a ρ value of 0.037 and a 

significance of 0.509 > 0.05, so statistically there is no significant relationship between X3 and Y. 

There is a sufficient and positive relationship between X4 and Y, namely ρ of 0.453. This means that when 

the value of X4 increases, the value of Y tends to increase as well. Since Sig. 0.000 < 0.50, this relationship 

is statistically significant. The relationship between X5 and Y is very weak and positive, i.e. ρ is 0.249. 

The increase in X5 slightly correlated with the increase in Y by sig. 0.000 < 0.05, this relationship is 

statistically significant although weak. 

There is a strong and positive relationship between X6 and Y with a ρ value of 0.680. This value 

is almost equivalent to X1, indicating that the higher X6, the higher the Y. This relationship is also 

statistically significant because of the sig value. 0.000 < 0.05. The relationship between X7 and Y has no 

Spearman correlation data or significance value for X7, so it cannot be interpreted because the data is not 

diverse or the data value is too homogeneous so that there is no correlation between the two. The 

relationship between X8 and Y is very weak and positive with a ρ value of 0.122. However, because of 

the value of sig. 0.027 < 0.05, this relationship is statistically significant, although the strength is low. 

There is a strong and positive relationship between X9 and Y which is ρ of 0.563. This means that the 

increase in X9 is quite correlated with the increase in Y. With the value of sig. 0.000 < 0.05 of this 

relationship is statistically significant. 

 

Figure 1. Tidal Flood Maps AHP, RLB, dan RLO 
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CONCLUSION 

The application of Ordinal Logistic Regression and GIS methods has proven to be effective in 

accurately mapping flash flood vulnerability zones in the North Medan area. This method makes a 

positive contribution to spatial planning and disaster risk mitigation. The map of flash flood vulnerability 

using the ordinal logistic regression method in this research has a fairly high accuracy (87.84%), but is 

still below the accuracy of the Binary Logistic Regression method from Farino's research (93.7%). 

However, the ordinal logistic regression approach is more flexible in accommodating various 

environmental factors than the AHP method from the Saputra research and the binary logistic regression 

from Farino's research. The next research recommendation is the development of a spatial- based early 

warning system and the integration of actual seawater tidal data. 
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