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Abstract: Soil settlement at bridge approach slab causes ride discomfort, cracks, and uneven surface that can cause 

accidents, and reduces the functionality of a bridge. Therefore, the mathematical modeling and optimization of soil 

settlement at bridge approach slabs was conducted in Kaduna State, Nigeria. Soil samples were collected from five (5) study 

locations, three of which were from a bridge settlement site in Kaduna Metropolis, and two (2) from Zaria, Kaduna state. 

The soil samples were tested and Plasticity Index (PI), soaked California Bearing Ratio (CBR), Unconfined Compressive 

Strength (UCS), cohesion, internal friction angle, and total settlement of the soil samples were obtained. Design Expert v13 

(2021) software was used for the mathematical modeling and optimization. Results from the findings showed that the fifth 

order model significantly predicts soil settlement with R2-values, actual-predicted R2-values all greater than 0.9(90% 

accuracy). Also, the incorporation of CKD significant improves the geotechnical properties of the soil, and the optimization 

result showed that CKD content of 9-10% is the optimum dosage required for soil improvement. Validation of the optimized 

result has Absolute Percentage Error (APE) between the experimental and optimized results ranging from 0.3-3.8%. Hence, 

the error is minimal, and the validated result is adequate. 
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I. INTRODUCTION 

 

 Background of Study 

Bridge approach slabs are crucial structural components 

that ensure a seamless transition between the roadway 

embankment and the bridge deck [1]. Their principal function 

is to distribute loads and reduce the difference in settling 

between the flexible pavement and the rigid bridge structure 

[2]. However, one of the most persistent issues in bridge 

architecture is soil settlement beneath approach slabs, which 

frequently results in bumps, cracks, and uneven surfaces [3, 

4]. These flaws degrade ride quality, raise maintenance costs, 
and may endanger road users [5, 6]. 

 

Soil settlement at bridge approaches is affected by a 

number of factors, including soil type, compaction quality, 

moisture changes, traffic load, and environmental conditions 

[7, 8]. In many cases, the embankment soils have 

compressibility or insufficient bearing capacity, causing 

differential settlement between the bridge deck and the 

adjacent roadway [8]. This phenomenon, popularly referred 
to as the "bridge bump," has been widely observed in both 

industrialized and developing countries as a key cause of 

early deterioration of bridge structures [9]. 

 

Soil settlement concerns are common in Nigeria [10-

12], notably in Kaduna State [13, 14], due to the diversity of 

geotechnical conditions, which range from lateritic soils to 

clayey deposits with varied compressibility. The mechanical 

behavior of underlying soils has a significant impact on the 

performance of bridge approach slabs [15], necessitating 

rigorous analysis and predictive modeling. Traditional 
geotechnical approaches for assessing settlement frequently 

rely on empirical correlations and simplistic assumptions, 

which may not effectively reflect the complex relationships 

between soil qualities, loading conditions, and environmental 

factors. As infrastructure needs rise, there is a greater need for 

more resilient and predictive techniques. Mathematical 

modeling and optimization offer a solid foundation for 

understanding and predicting soil settling features [16]. The 
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use of statistical and computational tools like response 

surface methodology (RSM) and regression analysis to create 

predictive models that quantify settlement behavior under 

various scenarios has been done by previous researchers [16-

18]. Optimization techniques also enable the identification of 

factor combinations that reduce settling, thus enhancing the 

longevity and serviceability of bridge approach slabs. 
 

Furthermore, optimization approaches are critical in 

determining the best factor combinations that reduce settling 

and improve the longevity of bridge approach slabs. Design 

Expert software has been shown to effectively simulate 

geotechnical responses, validate assumptions with diagnostic 

plots, and ensure predictive models meet statistical adequacy 

criteria (e.g., R², adjusted R², predicted R²) [19-22]. Applying 

these methodologies to the study area can provide an 

opportunity to produce localized solutions geared to tackling 

soil settlement of the bridge approach slab in the region. 

Therefore, this study of modelling and optimization of soil 
settlement at bridge approach slabs is essential for advancing 

geotechnical and structural engineering practices, which will 

provide a scientific basis for improving the performance of 

bridge infrastructure, reducing maintenance costs, and 

ensuring safer and more sustainable transportation systems. 

 

II. MATERIALS AND METHODS 

 

 Materials 

The materials used for this study are natural soil 

samples that were gathered in polythene bags from the case 
studies for laboratory examinations. 

 

The soil samples were taken from five (5) study 

locations, three of which were from a bridge settlement site 

in Kaduna Metropolis, and two (2) from Zaria, Kaduna state. 

Soil samples collected in Kaduna Metropolis were labelled as 

KDM-A, KDM-B, and KDM-C, whereas soil samples 

collected in Zaria were named as KDZAR-A and KDZAR-B. 

 

 Methods 

The soil samples were tested in the lab for plasticity 

index, soaked California Bearing Ratio (CBR), Unconfined 
Compressive Strength (UCS), cohesion, internal friction 

angle, and total settlement of the bridge settlement in 

accordance with relevant codes and standards (i.e., the 

American Association of State Highway and Transportation 

Officials (AASHTO) and the American Society for Testing 

and Materials (ASTM). 

 

 Experimental Design 

The experiment was designed using Design Expert v13 

(2021) software. The experimental design was based on a 

user-defined multilevel numerical and categorical 

experiment. This experiment investigated two category 

factors. The factors are CKD content and sample type. The 

first factor is numerical; the second factor is categorical. 

 

 Design Matrix 

The design matrix illustrated the experiment's structure, 

with each row reflecting a specific combination of Sample 

(Factor A) and CKD Level (Factor B), as well as the 

measured values for each response. The dataset is balanced, 

with a total of 72 runs spread across several factor 

combinations. Replicates were included, because certain 

combinations of samples and CKD levels have repeated 

measurements. The replicates helped confirm dependability 

and provided for an estimate of measurement error. 

 
 Modeling and Optimization 

The mathematical modeling was carried out using 

Design Expert v13. Equation 1 contains the model's basic 

equation, where the response (Y) is a dependent variable and 

the independent variables are βi, βii, βij. Equation 1 displays 

the error Є. 

 

Y = βo + ∑ 𝛽𝑖𝑥𝑖𝑖  + ∑ 𝛽𝑖𝑖𝑥𝑗
2

𝑗 ∑ ∑ 𝛽𝑖𝑗𝑗𝑖,𝑗 𝑥𝑖𝑥𝑗  + Є       (1) 

 

 Model Selection 

The R-square values, sometimes referred to as the 

multiple correlation coefficients calculated as indicated in 

Equation 2, served as the basis for the model selection. 

 

𝑅2 = 1 − [
𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙+ 𝑆𝑆𝑚𝑜𝑑𝑒𝑙
] = 1 − [

𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

𝑆𝑆𝑡𝑜𝑡𝑎𝑙 − 𝑆𝑆𝑐𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒− 𝑆𝑆𝑏𝑙𝑜𝑐𝑘
] (2) 

 

Where SS = sum of squares for the residual and model. 

 

 Model Diagnostic 

The adjusted and predicted R-squared values, shown in 

Equations 3 and 4, were used to assess the model's adequacy. 

The Adjusted R-squared measures the amount of variance 

around the mean explained by the model, after accounting for 

the number of terms in the model. If the new terms do not 

improve the model, the adjusted R-squared value decreases 
as the number of terms in the model increases. In contrast, 

Predicted R-squared reveals how much of the variation in 

new data may be explained by the model. 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑅2 = 1 −
[(

𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙
𝑑𝑓𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

)]

[(
𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙+ 𝑆𝑆𝑚𝑜𝑑𝑒𝑙
𝑑𝑓𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙+ 𝑑𝑓𝑚𝑜𝑑𝑒𝑙

)]
= 1 − 

[(
𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙
𝑑𝑓𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙

)]

[(
𝑆𝑆𝑡𝑜𝑡𝑎𝑙 − 𝑆𝑆𝑐𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒− 𝑆𝑆𝑏𝑙𝑜𝑐𝑘
𝑑𝑓𝑡𝑜𝑡𝑎𝑙 − 𝑑𝑓𝑐𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒− 𝑑𝑓𝑏𝑙𝑜𝑐𝑘

)]
                                                                               (3) 

 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑅2 = 1 −
[𝑃𝑅𝐸𝑆𝑆]

[𝑆𝑆𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙+ 𝑆𝑆𝑚𝑜𝑑𝑒𝑙]
= 1 − 

[𝑃𝑅𝐸𝑆𝑆]

[𝑆𝑆𝑡𝑜𝑡𝑎𝑙 − 𝑆𝑆𝑐𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒− 𝑆𝑆𝑏𝑙𝑜𝑐𝑘]
                                                                                   (4) 

 

Where PRESS is the model's predicted residual sum of 

squares, which indicates how well a given model fits every 

design point. Equation 5 was used to determine the PRESS. 

 

𝑃𝑅𝐸𝑆𝑆 =  ∑ (𝑒−𝑖)
2𝑛

𝑖=1               (5) 

Where e-i is a deletion residual calculated by fitting a 

model without the ith run, then predicting the ith observation 

with the resulting model. 
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 Model Validation 

The developed mathematical models were validated 

using the normal plots, and predicted versus actual plots. 

Equations 6 and 7 shows the equations of the various model 

diagnostics used to validate the model. 

 

 Normal Plot Versus Residuals 
The normal plot of residuals was used to determine if 

residuals (errors) follow a normal distribution, as many 

statistical models assume. Residuals are defined as; 

 

𝑒𝑖 =  𝑦𝑖 −  𝜏𝑖           (6) 

 

Where   = observed response for observation 𝑖 
 

𝜏𝑖 = predicted response from the regression model 

 

 Predicted Versus Actual Plots 

Using Equation 7, we compared the model's predicted 

responses to the empirically observed (actual) responses. 

 

𝑦𝑖 =  𝛽𝑜 +  ∑ 𝛽𝑗𝑋𝑖𝑗 + ∑ 𝛽𝑗𝑗𝑋𝑖𝑗
2 + ∑ 𝛽𝑗𝑘𝑋𝑖𝑗𝑋𝑖𝑘  

𝑝
𝑗<𝑘  

𝑝
𝑗=1  

𝑝
𝑗=1  (7) 

 

 Numerical Optimization 

A hill climbing method was used in the numerical 

optimization. Equation 9 provides the hill climbing 

optimization formula. 

 

𝑓(𝑥, 𝑦) =  𝑒−(𝑥2+ 𝑦2)            (9) 

 

 Optimization Validation 
As stated in Equation 10, the difference between the 

optimized and laboratory validated results was measured 

using the absolute relative percentage error (APE). 

 

APE = [1 − 
Predicted 

Actual 
] x 100       (10) 

 

III. RESULTS AND DISCUSSION 

 

 Model Summary Statistics 

In Table 1, the fit statistics indicates that the parameters 

fit a fifth order model, and how strong the prediction models 

are. The R² for the plasticity index (PI), the soaked CBR, the 

unconfined compression strength (UCS), the cohesion (C), 

the angle of internal friction (ϕ) and the total settlement are 

all above 0.8 (80%) which is an indication of very strong 

models (see Appendix for model perfromance). Likewise, the 

predicted R2 for each of the six properties are all in reasonable 

agreement with their corresponding adjusted R². That is the 
difference of each is less than 0.2. 

 

 

 

 

 

Table 1 The Fit Statistics 

Parameter  R2 Values 

Model PI CBR UCS C ϕ Δ 

R² Fifth Order 0.9974 0.9983 0.9932 0.8923 0.9036 0.9948 

Adjusted R² Fifth Order 0.9956 0.9970 0.9899 0.8787 0.8820 0.9909 

Predicted R² Fifth Order 0.9940 0.9957 0.9867 0.8609 0.8670 0.9869 

 

 Analysis of Variance (ANOVA) of the Models 

The Analysis of Variance (ANOVA) results for each 

parameter with respect to the different locations where soil 

samples were obtained are presented. Tables 2-7 represent 

ANOVA of the predicted response surface models. 

 

Table 2 ANOVA for Plasticity Index Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 1.93 29 0.0666 557.77 < 0.0001 significant 

A-Sample 0.8449 5 0.1690 1414.96 < 0.0001  

B-CKD 0.2228 1 0.2228 1865.50 < 0.0001  

AB 0.3029 5 0.0606 507.23 < 0.0001  

B² 0.2707 1 0.2707 2267.06 < 0.0001  

AB² 0.0465 5 0.0093 77.91 < 0.0001  

B³ 0.0816 1 0.0816 683.67 < 0.0001  

AB³ 0.0273 5 0.0055 45.67 < 0.0001  

B⁴ 0.0149 1 0.0149 125.04 < 0.0001  

AB⁴ 0.1201 5 0.0240 201.07 < 0.0001  

Residual 0.3587 42 0.0001    

Lack of Fit 0.357 6 0.0008    

Pure Error 0.0000 36 0.0000    

Cor Total 1.94 71     
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Table 3 ANOVA for Soaked CBR Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 1546.85 30 51.56 797.51 < 0.0001 significant 

A-Sample 827.17 5 165.43 2558.77 < 0.0001  

B-CKD 620.58 1 620.58 9598.49 < 0.0001  

AB 17.34 5 3.47 53.63 < 0.0001  

B² 28.00 1 28.00 433.08 < 0.0001  

AB² 5.62 5 1.12 17.38 < 0.0001  

B³ 5.40 1 5.40 83.52 < 0.0001  

AB³ 21.18 5 4.24 65.51 < 0.0001  

B⁴ 9.33 1 9.33 144.36 < 0.0001  

AB⁴ 8.38 5 1.68 25.93 < 0.0001  

B⁵ 3.86 1 3.86 59.66 < 0.0001  

Residual 2.65 41 0.0647    

Lack of Fit 2.65 5 0.5302    

Pure Error 0.0000 36 0.0000    

Cor Total 1549.50 71     

 

Table 4 ANOVA for UCS Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 4.67 23 0.2030 304.85 < 0.0001 significant 

A-Sample 3.26 5 0.6524 979.70 < 0.0001  

B-CKD 1.27 1 1.27 1911.49 < 0.0001  

AB 0.0456 5 0.0091 13.69 < 0.0001  

B² 0.0223 1 0.0223 33.47 < 0.0001  

AB² 0.0270 5 0.0054 8.10 < 0.0001  

B⁴ 0.0121 1 0.0121 18.24 < 0.0001  

AB⁴ 0.0272 5 0.0054 8.18 < 0.0001  

Residual 0.1320 48 0.0007    

Lack of Fit 0.1320 12 0.0027    

Pure Error 0.0000 36 0.0000    

Cor Total 4.70 71     

 

Table 5 ANOVA for Cohesion Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 1712.50 8 214.06 65.27 < 0.0001 significant 

A-Sample 1338.44 5 267.69 81.62 < 0.0001  

B-CKD 347.14 1 347.14 105.85 < 0.0001  

B² 8.40 1 8.40 2.56 0.1146  

B³ 18.52 1 18.52 5.65 0.0205  

Residual 206.61 63 3.28    

Lack of Fit 206.61 27 7.65    

Pure Error 0.0000 36 0.0000    

Cor Total 1919.11 71     

 

Table 6 ANOVA for Angle of Internal Friction Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 543.79 13 41.83 41.84 < 0.0001 significant 

A-Sample 265.78 5 53.16 53.17 < 0.0001  

B-CKD 230.48 1 230.48 230.54 < 0.0001  

AB 30.10 5 6.02 6.02 0.0001  

B² 8.77 1 8.77 8.77 0.0044  

B⁴ 8.68 1 8.68 8.68 0.0046  

Residual 57.98 58 0.9997    

Lack of Fit 57.98 22 2.64    

Pure Error 0.0000 36 0.0000    

Cor Total 601.78 71     
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Table 7 ANOVA for Total Settlement Response Surface Model 

Source Sum of Squares df Mean Square F-value p-value  

Model 3.24 30 0.1080 260.01 < 0.0001 Significant 

A-Sample 2.77 5 0.5535 1332.81 < 0.0001  

B-CKD 0.2655 1 0.2655 639.36 < 0.0001  

AB 0.1093 5 0.0219 52.62 < 0.0001  

B² 0.0104 1 0.0104 25.11 < 0.0001  

AB² 0.0217 5 0.0043 10.45 < 0.0001  

B³ 0.0173 1 0.0173 41.67 < 0.0001  

AB³ 0.0246 5 0.0049 11.87 < 0.0001  

B⁴ 0.0059 1 0.0059 14.25 0.0005  

AB⁴ 0.0148 5 0.0030 7.12 < 0.0001  

B⁵ 0.0023 1 0.0023 5.52 0.0236  

Residual 0.2170 41 0.0004    

Lack of Fit 0.2170 5 0.0034    

Pure Error 0.0000 36 0.0000    

Cor Total 3.26 71     

 

The analysis from Tables 2-7 provides sum of squares, 

F-value, and P-value at the 0.05 significance level. The P-

values at 0.05 and 0.01 are used as a tool to evaluate the 

significance of each coefficient, indicating a desirable and 

reasonable agreement between the calculated and observed 

results [23], After, model reduction was applied to remove all 
the components that are insignificant, the ANOVA results in 

the tables show that all response models are statistically 

significant since P-values are less than 0.05 in each case. 

Model F-value for the plasticity index, soaked CBR, UCS, 

cohesion, angle of internal friction and total settlement are 

found as 557.77, 797.51, 304.2, 65.27, 38.49 and 41.84 

respectively. The Lack of Fit (LOF) F-test was also used to 

check the adequacy of the model. LOF depicts the variation 

of the data around the fitted model [24]. From the results, the 

P-values of LOF for each response model are greater than 

0.05, which indicates that LOF is insignificant. Therefore, the 
suggested models for all responses are satisfactory. The 

resulting model for settlement of bridge approach slabs are 

shown below. 

 

 Prediction Models for the Plasticity Index 

 

PIKDM-A = 2.53 – 0.04B + 0.02B2 – 0.004B3 + 0.0004B4  (11) 

 

PIKDM-B = 2.37 – 0.007B + 0.004B2 – 0.001B3 + 0.0003B4            (12) 

 

PIKDM-C = 2.18 – 0.31B + 0.193B2 – 0.034B3 + 0.002B4  (13) 
 

PIKDM-D = 2.29 + 0.025B + 0.005B2 – 0.003B3 + 0.0004B4           (14) 

 

PIKDZAR-A = 2.39 + 0.013B + 0.010B2 – 0.002B3 + 0.00007B4  (15) 

 
PIKDZAR-B = 2.56 – 0.289B + 0.143B2 – 0.025B3 + 0.002B4       (16) 

 

 Prediction Models for the Soaked CBR 

 
CBRKDM-A = 17.96 + 0.514B – 1.153B2 + 0.458B3 + 0.057B4 – 0.002B5 (17) 

 

CBRKDM-B = 8.99 + 4.915B – 3.17B2 + 0.744B3 – 0.070B4 + 0.002B5   (18) 

 
CBRKDM-C = 14.05 + 5.60B – 3.405B2 + 0.773B3 – 0.0716B4 + 0.002B5 (19) 

 

CBRKDM-D = 16.00 + 4.23B – 2.729B2 + 0.6823B3 – 0.068B4 + 0.002B5 (20) 

 
CBRKDZAR-A = 17.98 – 0.515B – 0.875B2 + 0.439B3 – 0.057B4 + 0.002B5      

(21) 

 
CBRKDZAR-B = 16.02 + 4.113B – 2.616B2 + 0.633B3 – 0.064B4 + 0.002B5    (22) 

 

 Prediction Models for the UCS 

 
UCSKDM-A = 0.592 + 0.118B – 0.061B2 + 0.017B3 – 0.020B4    (23) 

 

UCSKDM-B = 0.137 + 0.150B – 0.086B2 + 0.022B3 – 0.0022B4 (24) 

 

UCSKDM-C = 0.121 + 0.080B – 0.058B2 + 0.018B3 – 0.0026B4 (25) 

 
UCSKDM-D = 0.544 + 0.258B – 0.165B2 + 0.036B3 – 0.003B4    (26) 

 

UCSKDZAR-A = 0.259 + 0.098B – 0.059B2 + 0.017B3 – 0.002B4(27) 

 

UCSKDZAR-B = 0.117 + 0.124B – 0.086B2 + 0.022B3 – 0.002B4(28) 

 

 Prediction Models for the Cohesion 

 
CKDM-A = 4.705 – 0.757B - 0.324B2 – 0.019B3      (29) 

 

CKDM-B = 13.372 – 0.757B + 0.324B2 – 0.019B3      (30) 

 

CKDM-C = 13.372 – 0.757B + 0.324B2 – 0.019B3      (31) 

 

CKDM-D = 3.538 – 0.757B + 0.324B2 – 0.019B3      (32) 

 

CKDZAR-A = 4.372- 0.757B + 0.324B2 – 0.019B3      (33) 

 

CKDZAR-B = 5.705 – 0.757B + 0.324B2 + 0.019B3      (34) 

 

 Prediction Models for the Angle of Internal Friction (ϕ) 

 
Φ KDM-A = 38.097 – 1.648B + 0.728B2 – 0.120B3+ 0.006B4   (35) 

 
ϕ KDM-B = 33.335 – 1.362B + 0.728B2 - 0.120B3 + 0.006B4 (36) 

 
ϕ KDM-C = 33.097 – 1.548B + 0.728B2 – 0.120B3 + 0.006B4 (37) 

 
ϕ KDM-D = 38.097 – 1.805B + 0.728B2 - 0.120B3 + 0.006B4 (38) 
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ϕ KDZAR-A = 39.335 – 1.962B + 0.728B2 – 0.120B3 + 0.006B4    (39) 

 
ϕ KDZAR-B = 39.05 – 1.705B + 0.728B2 - 0.120B3 + 0.006B4 (40) 

 

 Prediction Models for the Angle of Total Settlement (δ) 

 
Δ KDM-A = 1.0007 – 0.004B + 0.015B2 – 0.008B3 + 0.001B4 – 0.00006B5(41) 

 
δ KDM-B = 0.901 - 0127B + 0.077B2 - 0.018B3 + 0.002B4 + 0.00006B5        (42) 

 
δ KDM-C = 1.071–0.111B + 0.062B2 – 0.015B3 + 0.002B4 + 0.00006B5       (43) 

 
δ KDM-D = 1.442 – 0.227B + 0.091B2 - 0.018B3 + 0.002B4 + 0.00006B5     (44) 

 
δ KDZAR-A = 1.697 – 0.348B + 0.144B2 – 0.025B3 + 0.002B4 + 0.00006B5          (45) 

 
δ KDZAR-B = 1.236 – 0.072B + 0.047B2 - 0.013B3 + 0.001B4 + 0.00006B5(46) 

 
All the developed models are fifth order polynomial. 

For the plasticity index the significant terms of the fifth order 

regression model are: the sample type (A), the cement kiln 

dust–CKD (B), the interaction between A and B, the 

quadratic term of B, the interaction between A and B2, the 

cubic term of B, the interaction between A and B3, the quartic 

term of B and the interaction between A and B4. The fifth term 

B5 is the only insignificant term in the model. 

 

For the soaked CBR the significant terms of the fifth 

order regression model are: the sample type (A), the cement 
kiln dust–CKD (B), the interaction between A and B, the 

quadratic term of B, the interaction between A and B2, the 

cubic term of B, the interaction between A and B3, the quartic 

term of B, the interaction between A and B4 and the fifth term 

B. 

 

For the UCS, the significant terms of the fifth order 

regression are: the sample type (A), the cement kiln dust–

CKD (B), the interaction between A and B, the quadratic term 

of B, the interaction between A and B2, the quartic term of B 

and the interaction between A and B4. The insignificant terms 

are the cubic term of B, the interaction between A and B3 and 
the fifth term B. 

 

For the cohesion, the significant terms of the fifth 

regression model are: the sample type (A), the cement kiln 

dust–CKD (B), the quadratic and the cubic terms of B. The 

insignificant models are the interaction between A and B, the 

interaction between A and B2, the interaction between A and 

B3, the quartic term of B, the interaction between A, B4 and 

the fifth term B. 

 

For the angle of internal friction, the significant terms 
of the fifth order regression model are: the sample type (A), 

the cement kiln dust–CKD (B), the interaction between A and 

B, the quadratic term of B and the quartic term of B. The 

insignificant terms are the interaction between A and B2, the 

cubic term of B, the interaction between A and B3, the 

interaction between A and B4 and the fifth term B. 

 

For the total settlement the significant terms of the fifth 

order regression model are: the sample type (A), the cement 

kiln dust–CKD (B), the interaction between A and B, the 

quadratic term of B, the interaction between A and B2, the 

cubic term of B, the interaction between A and B3, the quartic 

term of B, the interaction between A, B4 and the fifth term B. 

 
 Diagnostics and Model Validation 

The generated models were generated using the normal 

plots, Box-Cox plot, and  predicted vs actual plots, as shown 

in Figure 1 below. The Normality Plot of Residuals evaluates 

whether residuals follow a normal distribution, a key 

assumption for ANOVA and regression validity. A close 

alignment of points along the diagonal line confirms that the 

residuals are approximately normally distributed, validating 

the statistical model. Also, the residuals vs. predicted values 

plot checks for homoscedasticity and model adequacy. A 

random scatter of residuals around the zero line, as observed, 

indicates that the model's error variance is constant and no 
major patterns or bias exist in predictions. 
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Fig 1 Normal Plots, and Plots of Predicted vs Actual for soil (a) PI; (b) CBR; (c) UCS; (d) Cohesion; (e) Internal Friction; and (f) 

Settlement 

 

Figure 1(a-f) shows a linear relationship between 

normal plots, and predicted and actual values of the 
soilparameters (i.e. plasticity index, CBR, UCS, cohesion, 

internal friction, and settlement), indicating that the model 

used for prediction is accurate.Although, there is a slight 

discrepancy in some values, but overall, the predicted values 

are close to the actual measurements. However, the total 

Settlement plot in Fgure 1(f) shows a tighter correlation 

between predicted and actual values, similar to the UCS and 

Plasticity Index graphs.Most data points are clustered near the 

ideal line, suggesting that the model predicts settlement 

effectively.Settlement values range from 0.803 to 1.693, 

showing that the model can handle different settlement 
magnitudes with good accuracy. 

 

 Interaction Plots 

Interaction plots in this section illustrate the relationship 

between the dependent variable (Plasticity Index, Soaked 

CBR, UCS, Cohesion, Angle of Internal Friction and Total 

Settlement) and the two independent variables (the Sample 
Type and the amount of CKD), where the sample type is 

categorical and the CKD content is numeric. The plot helps 

in understanding whether the effect of the numeric variable 

on the response changes at different levels of the categorical 

variable. 

 

The incorporation of Cement Kiln Dust into various soil 

types has demonstrated significant improvements in 

geotechnical properties, including reduced plasticity, 

enhanced strength parameters, and decreased settlement. 

These enhancements are primarily due to the pozzolanic 
reactions and cementitious compounds formed during the 

stabilization process. Therefore, CKD serves as an effective 

and sustainable soil stabilizer in geotechnical engineering 

applications [25]. 
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Fig 2 Interaction Plots for Soil (a) PI; (b) CBR; (c) UCS; (d) Cohesion; (e) Internal Friction; and (f) Settlement 
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The result from Figure 2(a) showed that the PI values 

for all the soil types when the CKD is 10% is the lowest. The 

addition of CKD to soils generally results in a reduction of 

the Plasticity Index, indicating decreased soil plasticity and 

improved workability. This reduction is attributed to the 

flocculation and agglomeration of clay particles facilitated by 

the calcium content in CKD, which diminishes the soil's 
plasticity [26]. Therefore, treating the soils with as much as 

10% CKD is the best decision. For instance, for site KDM-B, 

highest PI value of 2.6 was obtained for CKD content equal 

to 8% and the lowest value of 2.22 was obtained from CKD 

content of 10%. Without addition of CKD, the PI value is 

2.55. These results indicate that lowest the compressibility of 

the soil is achieved with the CKD content of 10%. Plasticity 

Index (PI) of soil is a critical parameter influencing the 

settlement behaviour of soils. Research indicates a strong 

correlation between the plasticity index and settlement 

characteristics of soils. Higher values of PI generally 

correspond to increased compressibility and settlement 
potential. Specifically, as the clay content increases, which 

raises the PI, the soil's ability to consolidate under load 

diminishes, leading to greater settlement over time. High 

plasticity soils experience rearrangement of particles under 

stress, further contributing to settlement. 

 

The California Bearing Ratio (CBR) significantly 

impacts soil settlement as shown in Figure 2(b). Higher CBR 

values indicate better load-bearing capacity, reducing 

potential settlement under loads. Studies show that vertical 

confinement, such as applying surcharge rings, enhances 
CBR leading to improved mechanical resistance and reduced 

settlement. Similar trend was recorded by Gilbert [25].The 

relationship between CBR and soil properties, including 

liquid limits, underscores the importance of proper soil 

treatment in construction and road engineering.  As shown in 

Figure 2, for all the six soil types (KDM-A, KDM-B, KDM-

C, KDM-D, KDZAR-A and KDZAR-B), increase in the 

CKD content led to increased soaked CBR. This is a clear 

indication of the effectiveness of soil stabilisation with CKD 

for enhancing its load carrying capacity. Therefore, addition 

of the CKD will not compromise the strength of the 

embankment beneath the bridge approach slab. 
 

Also, previous studies established that, unconfined 

compressive strength (UCS) significantly influences soil 

settlement, particularly in stabilized soils. Increased UCS 

enhances the load-bearing capacity and reduces settlement in 

lateritic soils treated with additives like metakaolin or zeolite. 

For instance, UCS can rise from 97.1 kN/m² to 2500 kN/m² 

with optimal additive proportions, improving durability and 

stability under load. Additionally, other studies shown that 

curing time plays a crucial role; UCS peaks at around 7 days, 

after which improvements are minimal. The UCS of soils 
improves significantly with CKD treatment. For example, the 

UCS of black cotton soil increased upon adding CKD . 

Similarly, kaolinite clay treated with 20% CKD exhibited an 

increase in UCS. These enhancements are attributed to the 

formation of calcium silicate hydrates and other cementitious 

compounds that bind soil particles together [26]. Thus, 

effective soil stabilization not only boosts UCS but also 

mitigates settlement issues in construction applications. CKD 

enhances the load-bearing capacity of soils, as evidenced by 

increased soaked CBR values. These improvements are due 

to the pozzolanic reactions between CKD and soil minerals, 

leading to the formation of cementitious compounds that 

enhance strength. Figure 4.17 displayed the effectiveness of 

the use of CKD in the enhancement of the soil UCS values. 

For all the soil type, the UCS values increases with increasing 
CKD content. For instance, for the soil type KDM-A, the 

UCS value increased from 600kN/m2 (when the CKD value 

is 0) to 1050kN/m2 (when the CKD content is 10%). 

 

Also from Figure 2(d), the stabilisation of each of the 

six soil types improves the values of their cohesion except for 

instance for soil type KDM-B in which the addition of 2% 

CKD drastically reduced the cohesion from 12.5kN/m2 

(control soil) to about 6kN/m2. CKD treatment positively 

influences the shear strength parameters of soils. In a study, 

the cohesion of treated soil increased with the addition of 

CKD. These improvements result from the enhanced inter-
particle bonding and friction due to the cementitious products 

formed during the stabilization process [27]. However, for 

apart from this exception, the highest cohesion values are 

obtained at 10% CKD. 

 

The angle of internal friction (ф) significantly affects 

soil settlement as shoen in Figure 2(e). Higher values of ф 

generally lead to increased shear strength, which can reduce 

settlement under load. As ϕ increases, the soil's ability to 

resist deformation improves, resulting in less vertical 

displacement when subjected to stresses. Similar trend was 
recorded by Eisa et al., (2022) In Figure 2(e), comparing with 

the control soil (without CKD) only sample type KDM-B, 

KDM-C and KDZAR-B shows increase in ф with increase in 

CKD content of 2%, 4% and 4% CKD respectively. In all 

other cases, the additions of CKD lead to reduction of ϕ. To 

address this defect, the multi-objective optimisation will 

generate CKD content that will lead to trade up between high 

cohesion and high angle of internal friction as well as 

favourable values of plasticity index (PI), soaked CBR, UCS 

as well as total settlement. 

 

Finally from Figure 2(f), it is clear from the plot that 
addition of CKD drastically reduces the total settlement of the 

soil. For instance, for soil type KDM-D, the total settlement 

of the soil reduced from 1.44mm (for soil without CKD) to 

0.95mm (for soil with 10% CKD stabilisation. Similar trend 

was recorded by Eisa et al., (2022). 

 

 Multi-Objective Optimization 

 

 Optimization 

Multi-objective optimization process was carried out 

with the view to measure all six responses (plasticity index 
(PI), the soaked California Bearing Ratio CBR, the 

Unconfined Compression (UCS), Cohesion (C), Angle of 

Internal Friction (ϕ) and Total Settlement (δ)) simultaneously 

to attain a favourable CKD stabilised soil mix for all the 

investigated responses. Table 8 show the optimisation goals 

and the constraints. 
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Table 8 The Design Optimization Goals and the Constraints 

Name Goal Lower Limit Upper Limit 

A: Sample Sample Type KDM-A KDZAR-B 

B: CKD maximize 0 10 

Plasticity Index minimize 1.96 2.59 

Soaked CBR maximize 9 27 

UCS maximize 0.12 1.06 

Cohesion maximize 3 20 

Ф maximize 29 40 

Total Settlement minimize 0.803 1.693 

 

The objective from Table 8, is to minimise values of 

plasticity index (PI) and total settlement (δ) as well as 

maximise values of CBR, UCS, Cohesion (C) and Angle of 

Internal Friction (ϕ) with maximum CKD utilization for each 

of the six categorical factors (sample type). The optimized 

result is shown in Table 9. 

 

Table 9 Multi-Objective Optimization Solution 

Sample CKD PI CBR UCS C ϕ δ Desirability 

KDM-A 10.000 2.491 27.040 1.057 10.208 33.022 0.891 0.579 

KDM-B 9.661 2.300 15.860 0.575 18.870 32.260 0.805 0.582 

KDM-C 9.399 1.957 20.884 0.488 19.330 29.511 0.968 0.509 

KDM-D 9.484 2.271 26.750 1.006 9.013 33.501 1.021 0.649 

KDZAR-A 9.781 2.158 25.695 0.499 9.878 31.766 1.344 0.518 

KDZAR-B 10.000 1.959 24.980 0.492 11.208 33.042 1.110 0.633 

 

Optimization of soil stabilization parameters, including 
CKD content, has been validated in various studies, 

demonstrating its efficacy in predicting and enhancing soil 

mechanical properties [28]. The optimization process from 

Table 9 has given several solutions, but 10 %, 9.661%, 

9.399%, 9.484%, 9.781% and 10% CKD content have shown 

the highest desirability of 0.579, 0.582, 0.509. 0.649, 0.518 

and 0.633 respectively for soil category KDA-A, KDM-B, 

KDM-C, KDM-D, KDZAR-A and KDZAR-B. 

 

 Validation 

To validate the predicted mathematical models of soil 
properties beneath the approach slab, experiments were 

conducted with optimized CKD content and total settlement 

categorical factor. The close alignment of experimental and 

predicted settlement values, as observed in soil samples 
KDM-A through KDZAR-B, confirms the validity of the 

RSM models in evaluating soil behavior under optimized 

CKD content. This reflects the outcomes in related studies, 

where statistical models based on experimental design have 

successfully predicted mechanical soil responses [29]. 

 

The use of CKD as a stabilizing agent has been shown 

to enhance stiffness and reduce total settlement, especially 

when applied at optimal proportions. For example, Parsons 

and Milburn [30] demonstrated effective settlement control in 

subgrades using CKD, with laboratory values closely 
matching modeled results [30]. This is supported by Bandara, 

et al. [31], who emphasized the viability of CKD in mitigating 

excessive differential settlements beneath pavement 

structures. 

 

Table 10 Validation Upon Response Surface Values 

Sample Type Experimental Values (mm) Optimised Values (mm) APE (%) 

KDM-A 0.873 0.891 2.02 

KDM-B 0.796 0.805 1.12 

KDM-C 1.002 0.968 3.51 

JDM-D 0.982 1.021 3.82 

KDZAR-A 1.293 1.344 3.79 

KDZAR-B 1.113 1.110 0.27 

 

The result from Table 10 shows that the minor 

deviations between the experimental and optimized values in 

this study (e.g., KDM-A: 0.873 mm vs. 0.891 mm) 

underscore the robustness of the model calibration and the 

effectiveness of CKD-induced pozzolanic reactions in 
reducing compressibility, consistent with prior findings. The 

experimental and optimized values of the total settlement of 

the soil are presented in Table 10. Upon validation, all the 

experimental values of the soil properties were closely 

matched to the optimized values. 

The Absolute Percentage Error (APE) between the 

experimental and optimized results ranges from 

approximately 0.3-3.8%, which is less than 10%, indicating 

that the validated model is appropriate [32, 33]. 

 

IV. CONCLUSIONS 

 

The fifth-order polynomial regression model developed 

effectively captured the nonlinear interaction between CKD 

content and soil properties. The model accuracy exceeded 
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96.9%, with high predictive reliability for total settlement and 

plasticity index. Variability remained in Soaked CBR and 

cohesion, suggesting the need for further statistical 

refinement. The model diagnostic further supports the 

robustness of the model through the normal plots, and plots 

of action and predicted soil settlement parameters. Also, the 

optimization process identified ideal CKD contents for each 
soil category ranging from 9.399% to 10% which 

corresponded with highest desirability indices. Laboratory 

validation confirmed that these formulations offered optimal 

strength and minimal settlement, confirming the suitability of 

CKD as a soil stabilizer for approach slabs under variable 

subgrade conditions. 
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APPENDIX 

 

Appendix: Actual and Predicted Values of PI, CBR, UCS, C, Φ and Δ 

Ru

n 

 

Sample 

Type 

CKD 

Conte

nt 

PI CBR UCS C Φ Δ 

Actu

al 

Pre

d. 

Actu

al 

Pred. Actu

al 

Pre

d. 

Actu

al 

Pred. Actu

al 

Pred. Actu

al 

Pre

d. 

1 KDZA

R-B 

10.0 1.960 1.96

0 

25.00

0 

24.98

0 

0.490 0.49

2 

11.00

0 

11.21

0 

33.00

0 

33.34

0 

1.110 1.11

0 

2 KDM-

C 

10.0 2.000 2.00

0 

21.00

0 

20.95

0 

0.480 0.47

8 

19.00

0 

19.37

0 

29.00

0 

28.96

0 

0.939 0.93

8 

3 KDZA

R-B 

4.0 2.450 2.45

0 

17.00

0 

17.20

0 

0.190 0.17

3 

8.000 6.620 40.00

0 

37.70

0 

1.170 1.18

0 

4 KDM-
A 

6.0 2.560 2.57
0 

22.00
0 

22.40
0 

0.880 0.84
9 

7.000 7.650 35.00
0 

36.08
0 

0.922 0.94
5 

5 KDM-

D 

6.0 2.380 2.37

0 

23.00

0 

23.00

0 

0.710 0.65

9 

6.000 6.480 35.00

0 

35.76

0 

1.090 1.11

0 

6 KDZA

R-B 

8.0 2.090 2.09

0 

21.00

0 

21.10

0 

0.390 0.38

2 

11.00

0 

10.49

0 

34.00

0 

34.54

0 

1.120 1.13

0 

7 KDM-

A 

10.0 2.490 2.49

0 

27.00

0 

27.04

0 

1.060 1.06

0 

10.00

0 

10.21

0 

33.00

0 

32.96

0 

0.889 0.89

1 

8 KDZA

R-B 

4.0 2.450 2.45

0 

17.00

0 

17.20

0 

0.190 0.17

3 

8.000 6.620 40.00

0 

37.70

0 

1.170 1.18

0 

9 KDZA

R-B 

0.0 2.560 2.56

0 

16.00

0 

16.02

0 

0.120 0.11

8 

4.000 5.710 39.00

0 

39.05

0 

1.230 1.23

0 

10 KDZA

R-A 

0.0 2.390 2.39

0 

18.00

0 

17.98

0 

0.260 0.26

0 

5.000 4.370 39.00

0 

39.34

0 

1.690 1.70

0 

11 KDM-

D 

10.0 2.220 2.22

0 

27.00

0 

27.00

0 

0.970 0.96

5 

9.000 9.040 32.00

0 

32.01

0 

1.010 1.01

0 

12 KDM-

B 

4.0 2.440 2.43

0 

10.00

0 

9.920 0.290 0.27

6 

14.00

0 

14.29

0 

32.00

0 

33.35

0 

0.888 0.86

8 

13 KDM-

D 

4.0 2.360 2.37

0 

20.00

0 

20.00

0 

0.510 0.56

1 

5.000 4.460 37.00

0 

36.96

0 

1.200 1.18

0 

14 KDM-

D 

2.0 2.350 2.35

0 

20.00

0 

20.00

0 

0.660 0.63

5 

5.000 3.170 37.00

0 

37.15

0 

1.220 1.23

0 

15 KDM-
D 

4.0 2.360 2.37
0 

20.00
0 

20.00
0 

0.510 0.56
1 

5.000 4.460 37.00
0 

36.96
0 

1.200 1.18
0 

16 KDM-

A 

4.0 2.540 2.53

0 

19.00

0 

18.60

0 

0.740 0.77

1 

5.000 5.620 37.00

0 

36.97

0 

1.000 0.97

7 

17 KDM-

B 

8.0 2.490 2.49

0 

15.00

0 

14.96

0 

0.500 0.49

3 

19.00

0 

18.15

0 

32.00

0 

31.57

0 

0.811 0.80

1 

18 KDZA

R-B 

0.0 2.560 2.56

0 

16.00

0 

16.02

0 

0.120 0.11

8 

4.000 5.710 39.00

0 

39.05

0 

1.230 1.23

0 

19 KDM-

B 

0.0 2.370 2.37

0 

9.000 8.990 0.140 0.13

9 

16.00

0 

13.37

0 

33.00

0 

33.34

0 

0.903 0.90

1 

20 KDZA

R-B 

6.0 2.370 2.37

0 

19.00

0 

18.80

0 

0.230 0.24

7 

9.000 8.650 37.00

0 

36.69

0 

1.150 1.14

0 

21 KDZA

R-A 

2.0 2.380 2.39

0 

16.00

0 

16.12

0 

0.320 0.31

9 

7.000 4.000 38.00

0 

37.46

0 

1.430 1.41

0 

22 KDZA

R-A 

2.0 2.380 2.39

0 

16.00

0 

16.12

0 

0.320 0.31

9 

7.000 4.000 38.00

0 

37.46

0 

1.430 1.41

0 

23 KDM-

A 

2.0 2.500 2.51

0 

17.00

0 

17.20

0 

0.700 0.68

5 

7.000 4.330 36.00

0 

36.85

0 

0.997 1.01

0 

24 KDM-

B 

2.0 2.390 2.39

0 

11.00

0 

11.04

0 

0.220 0.22

7 

6.000 13.00

0 

34.00

0 

32.66

0 

0.829 0.83

9 

25 KDM-

A 

8.0 2.590 2.58

0 

25.00

0 

24.80

0 

0.920 0.93

5 

9.000 9.490 35.00

0 

34.04

0 

0.977 0.96

6 

26 KDM-
D 

8.0 2.340 2.34
0 

26.00
0 

26.00
0 

0.890 0.91
5 

7.000 8.320 34.00
0 

33.40
0 

1.050 1.05
0 

27 KDM-

C 

0.0 2.180 2.18

0 

14.00

0 

14.05

0 

0.120 0.12

2 

14.00

0 

13.87

0 

33.00

0 

33.10

0 

1.070 1.07

0 
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28 KDZA

R-B 

6.0 2.370 2.37

0 

19.00

0 

18.80

0 

0.230 0.24

7 

9.000 8.650 37.00

0 

36.69

0 

1.150 1.14

0 

29 KDM-

C 

4.0 2.330 2.34

0 

15.00

0 

15.52

0 

0.220 0.24

2 

16.00

0 

14.79

0 

35.00

0 

32.37

0 

1.000 1.01

0 

30 KDZA

R-A 

6.0 2.440 2.46

0 

22.00

0 

22.24

0 

0.410 0.40

8 

6.000 7.310 35.00

0 

35.44

0 

1.500 1.45

0 

31 KDM-

D 

0.0 2.290 2.29

0 

18.00

0 

18.00

0 

0.540 0.54

5 

3.000 3.540 39.00

0 

38.72

0 

1.440 1.44

0 

32 KDZA

R-B 

2.0 2.380 2.38

0 

18.00

0 

17.90

0 

0.150 0.15

9 

5.000 5.330 36.00

0 

37.69

0 

1.190 1.19

0 

33 KDZA

R-A 

10.0 2.080 2.08

0 

26.00

0 

26.02

0 

0.510 0.51

0 

10.00

0 

9.870 31.00

0 

31.05

0 

1.340 1.34

0 

34 KDM-

A 

6.0 2.560 2.57

0 

22.00

0 

22.40

0 

0.880 0.84

9 

7.000 7.650 35.00

0 

36.08

0 

0.922 0.94

5 

35 KDZA
R-A 

8.0 2.470 2.46
0 

25.00
0 

24.88
0 

0.440 0.44
1 

8.000 9.150 33.00
0 

32.77
0 

1.380 1.40
0 

36 KDM-

D 

10.0 2.220 2.22

0 

27.00

0 

27.00

0 

0.970 0.96

5 

9.000 9.040 32.00

0 

32.01

0 

1.010 1.01

0 

37 KDZA

R-B 

2.0 2.380 2.38

0 

18.00

0 

17.90

0 

0.150 0.15

9 

5.000 5.330 36.00

0 

37.69

0 

1.190 1.19

0 

38 KDM-

D 

0.0 2.290 2.29

0 

18.00

0 

18.00

0 

0.540 0.54

5 

3.000 3.540 39.00

0 

38.72

0 

1.440 1.44

0 

39 KDM-

A 

0.0 2.530 2.53

0 

18.00

0 

17.96

0 

0.590 0.59

3 

4.000 4.710 39.00

0 

38.10

0 

1.000 1.00

0 

40 KDZA

R-A 

6.0 2.440 2.46

0 

22.00

0 

22.24

0 

0.410 0.40

8 

6.000 7.310 35.00

0 

35.44

0 

1.500 1.45

0 

41 KDM-

C 

6.0 2.370 2.36

0 

18.00

0 

17.48

0 

0.380 0.35

8 

17.00

0 

16.81

0 

30.00

0 

31.68

0 

0.999 0.99

3 

42 KDM-

D 

6.0 2.380 2.37

0 

23.00

0 

23.00

0 

0.710 0.65

9 

6.000 6.480 35.00

0 

35.76

0 

1.090 1.11

0 

43 KDM-

C 

2.0 2.100 2.09

0 

17.00

0 

16.74

0 

0.170 0.15

9 

12.00

0 

13.50

0 

31.00

0 

32.05

0 

1.000 1.00

0 

44 KDM-

B 

6.0 2.480 2.49

0 

12.00

0 

12.08

0 

0.350 0.36

4 

19.00

0 

16.31

0 

33.00

0 

33.04

0 

0.817 0.83

7 

45 KDM-

C 

0.0 2.180 2.18

0 

14.00

0 

14.05

0 

0.120 0.12

2 

14.00

0 

13.87

0 

33.00

0 

33.10

0 

1.070 1.07

0 

46 KDM-
C 

8.0 2.070 2.08
0 

20.00
0 

20.26
0 

0.450 0.46
1 

19.00
0 

18.65
0 

30.00
0 

29.84
0 

0.980 0.98
3 

47 KDM-

D 

2.0 2.350 2.35

0 

20.00

0 

20.00

0 

0.660 0.63

5 

5.000 3.170 37.00

0 

37.15

0 

1.220 1.23

0 

48 KDZA

R-A 

4.0 2.420 2.40

0 

18.00

0 

17.76

0 

0.370 0.37

2 

4.000 5.290 37.00

0 

36.95

0 

1.400 1.44

0 

49 KDM-

B 

10.0 2.220 2.22

0 

16.00

0 

16.01

0 

0.580 0.58

1 

20.00

0 

18.87

0 

31.00

0 

31.05

0 

0.803 0.80

5 

50 KDM-

B 

10.0 2.220 2.22

0 

16.00

0 

16.01

0 

0.580 0.58

1 

20.00

0 

18.87

0 

31.00

0 

31.05

0 

0.803 0.80

5 

51 KDM-

C 

8.0 2.070 2.08

0 

20.00

0 

20.26

0 

0.450 0.46

1 

19.00

0 

18.65

0 

30.00

0 

29.84

0 

0.980 0.98

3 

52 KDZA

R-A 

0.0 2.390 2.39

0 

18.00

0 

17.98

0 

0.260 0.26

0 

5.000 4.370 39.00

0 

39.34

0 

1.690 1.70

0 

53 KDM-

A 

10.0 2.490 2.49

0 

27.00

0 

27.04

0 

1.060 1.06

0 

10.00

0 

10.21

0 

33.00

0 

32.96

0 

0.889 0.89

1 

54 KDM-

B 

6.0 2.480 2.49

0 

12.00

0 

12.08

0 

0.350 0.36

4 

19.00

0 

16.31

0 

33.00

0 

33.04

0 

0.817 0.83

7 

55 KDM-

A 

4.0 2.540 2.53

0 

19.00

0 

18.60

0 

0.740 0.77

1 

5.000 5.620 37.00

0 

36.97

0 

1.000 0.97

7 

56 KDM-

A 

8.0 2.590 2.58

0 

25.00

0 

24.80

0 

0.920 0.93

5 

9.000 9.490 35.00

0 

34.04

0 

0.977 0.96

6 

57 KDM-
B 

4.0 2.440 2.43
0 

10.00
0 

9.920 0.290 0.27
6 

14.00
0 

14.29
0 

32.00
0 

33.35
0 

0.888 0.86
8 
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58 KDM-

C 

6.0 2.370 2.36

0 

18.00

0 

17.48

0 

0.380 0.35

8 

17.00

0 

16.81

0 

30.00

0 

31.68

0 

0.999 0.99

3 

59 KDZA

R-B 

8.0 2.090 2.09

0 

21.00

0 

21.10

0 

0.390 0.38

2 

11.00

0 

10.49

0 

34.00

0 

34.54

0 

1.120 1.13

0 

60 KDM-

B 

0.0 2.370 2.37

0 

9.000 8.990 0.140 0.13

9 

16.00

0 

13.37

0 

33.00

0 

33.34

0 

0.903 0.90

1 

61 KDZA

R-A 

4.0 2.420 2.40

0 

18.00

0 

17.76

0 

0.370 0.37

2 

4.000 5.290 37.00

0 

36.95

0 

1.400 1.44

0 

62 KDM-

B 

8.0 2.490 2.49

0 

15.00

0 

14.96

0 

0.500 0.49

3 

19.00

0 

18.15

0 

32.00

0 

31.57

0 

0.811 0.80

1 

63 KDM-

A 

0.0 2.530 2.53

0 

18.00

0 

17.96

0 

0.590 0.59

3 

4.000 4.710 39.00

0 

38.10

0 

1.000 1.00

0 

64 KDM-

C 

10.0 2.000 2.00

0 

21.00

0 

20.95

0 

0.480 0.47

8 

19.00

0 

19.37

0 

29.00

0 

28.96

0 

0.939 0.93

8 

65 KDZA
R-A 

8.0 2.470 2.46
0 

25.00
0 

24.88
0 

0.440 0.44
1 

8.000 9.150 33.00
0 

32.77
0 

1.380 1.40
0 

66 KDZA

R-B 

10.0 1.960 1.96

0 

25.00

0 

24.98

0 

0.490 0.49

2 

11.00

0 

11.21

0 

33.00

0 

33.34

0 

1.110 1.11

0 

67 KDM-

A 

2.0 2.500 2.51

0 

17.00

0 

17.20

0 

0.700 0.68

5 

7.000 4.330 36.00

0 

36.85

0 

0.997 1.01

0 

68 KDZA

R-A 

10.0 2.080 2.08

0 

26.00

0 

26.02

0 

0.510 0.51

0 

10.00

0 

9.870 31.00

0 

31.05

0 

1.340 1.34

0 

69 KDM-

B 

2.0 2.390 2.39

0 

11.00

0 

11.04

0 

0.220 0.22

7 

6.000 13.00

0 

34.00

0 

32.66

0 

0.829 0.83

9 

70 KDM-

D 

8.0 2.340 2.34

0 

26.00

0 

26.00

0 

0.890 0.91

5 

7.000 8.320 34.00

0 

33.40

0 

1.050 1.05

0 

71 KDM-

C 

4.0 2.330 2.34

0 

15.00

0 

15.52

0 

0.220 0.24

2 

16.00

0 

14.79

0 

35.00

0 

32.37

0 

1.000 1.01

0 

72 KDM-

C 

2.0 2.100 2.09

0 

17.00

0 

16.74

0 

0.170 0.15

9 

12.00

0 

13.50

0 

31.00

0 

32.05

0 

1.000 1.00

0 
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