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Abstract. Abalone is one of the most delicious and highly-prized seafood around the world, its
deliciousness also makes the abalone industry a non-negligible part of the global economic circle, a
lot of people and countries rely on abalone for their lives and economy. Therefore, it means a lot for
us to study about abalone and it’s population. However, as a necessary step when studying about
abalone, getting the age of abalone is a very complicated and time-consuming task. That's why we
need a model to help us predict the age of abalone according to it's physical measurements which
are easy to acquire. The project considered three models, linear regression model, polynomial
regression model and Random Forest. 10-fold cross validation is used to compute the mean square
error, multiple R square is also considered when evaluating the models. In the results, the polynomial
model is the best model among three models, with lowest mean square error and largest R-square.
The research provides us with a model to get the age of abalone in an easy and convenient way,
which makes the study about abalone more convenient and thus be beneficial for the development
of abalone industry.
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1. Introduction

1.1. Background

According to a research conducted by Peter A. Cook(2014), Global fish production has increased
a lot in the past 20 years, and it continues to outpace world population growth [1]. As one of the most
famous and highly prized seafood delicacies, the total volume of worldwide abalone market has also
increased significantly especially in the past few years, and abalone industry has became an important
part in world’s economy. However, in the last century, abalone fisheries suffered a huge decline.
According to the research conducted by Warwick J. Nash, Tracy L. Sellers, Simon R. Talbot, Andrew
J. Cawthorn and Wes B. Ford (1994), the decline in abalone catches has had a huge impact on people
in related industries, many people lost their incomes because of the decline of abalone [2]. After that,
artificial farming of abalone became more and more important, according to a research about abalone
industry conducted by Ke(2013), “In modern times, due to the intensification of natural
environmental changes, abalone's natural resources are decreasing day by day, and the market is in
short supply, resulting in rising prices, so abalone artificial farming came into being. Among the 66
species of abalone in the world, more than 10 species have been cultivated in captivity” [3].

Therefore, it’s important for us to learn more about abalone and its population in order to keep the
stable development of abalone industry. When we wants to learn about abalone, getting the age of it
is a necessary step. However, getting the age of abalone is a complicated and time-consuming task,
that’s why we need a model to help us predict the age of abalone.

1.2. Related research

In a research conducted by Liu and Hou(2016), they chose the same data set with this research to
do discriminant analysis and cluster analysis, and as the result, they found that there are significant
difference between these 8 variables[4], which means the variables contained in the data set are
reasonable and suitable to fit the model.
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1.3. Objection

In this research, the goal is using eight physical measurements of abalone, the Sex, Length, Height,
Diamater, Wholoe weight, shucked weight, viscera weight and shell weight to to construct a
regression model to help us make a prediction of the abalone’s age. If an accurate model can be
constructed, scientist can save a lot of time and resource when they are studying about abalone.

2. Methodology

2.1. Source of Data

The data comes from UCI, they are collected and donated on 1995-12-01. The data consists
of 4177 instances with 9 variables, for the first 8 variables, they each represents a physical
measurement of abalone. The last variable is the rings, which equals to the age of abalone minus
1.5 according to the definition of abalone’s age.

2.1.1 Dependent Variable

The dependent variable which we are going to make prediction is the age of abalone, it’s a
newly constructed variable which is formed by adding 1.5 to the Rings of abalone

2.1.2 Independent Variables

There are eight independent variables. First is the Sex, abalone has three types of sex - Male,
Female and Infant. The second one is the length, which is the longest shell measurement of
abalone. The third one is the Diameter, and it is perpendicular to the length. The fourth one is
the height, it is measured with meat in the shell. Then it is the whole weight of abalone. The next
one is the shucked weight, which is the weight of the meat. Then the viscera weight, which is
the gut weight after bleeding. The last independent variable is the shell weight after being dried.

2.2. Data processing

First, constructing a new variable to represent the age of abalone, the new variable age is
constructed by rings plus 1.5, after this step, the rings can be deleted. Then divides the dataset
into two parts randomly, the first part is training part, which contains 80% of the data. The second
part is testing part, it contains the rest 20% of the data. The training data is used to build and
select the model, and the testing data is used to evaluate the effectiveness of the chosen model.

2.3. Machine learning method

R studio is used to construct the model.

The first model considered is the linear regression model. It’s the most basic and common
regression model, but it’s reliable in reality according to a research conducted by Xing(2007)[5].
By using the functions “glm()” and “Im()”, p-values of variables and the covariance table are
checked and being used to adjust the model. New variables may be necessary to construct in
order to deal with the correlation problem between variables. As for the variables whose p-value
are significantly large, they may be removed to improve the accuracy of the model. The mean
square error will decrease first and then increase as we remove those variables with large p-value,
so when the mse reaches the lowest point, variables would remain unchanged.

The second model considered is the polynomial regression model. It should be better than
linear regression model. According to a research about polynomial regression conducted by
Wang and Fu (2004), polynomial regression model is more suitable for a real life problem
because for most variables, there is a power multiplication relationship between them|[6].
Therefore, polynomial regression model was expected to get a better result in the research. the
functions used are also glm() and Im(), some variables are turned to the second or third or even
fourth power to decrease the mean square error. Same as the linear regression, new variables will
be constructed base on the covariance table and variables may be removed if they have large p-
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value. Adjust the variables until the mean square error reaches the lowest point, and record the
multiple R square.

The last model considered is random forest, random forest model has its unique advantage,
according to Li(2013), “Random forest does not need to worry about the multivariate collinearity
problem faced by general regression analysis, and does not need to make variable selection.
Existing random forest packages give the importance of all variables. In addition, random forests
facilitate the calculation of nonlinear effects of variables and can reflect the interaction between
variables”[7]. Randomforest package is used to construct the model, with ntree equals to 500
and mtry equals to 3. Adjusting the variables according to the importance plot.

2.4. Evaluation metric

For the linear regression model and polynomial model, multiple R square and 10-fold cross
validation mean square error are used to evaluate the model. As for the random forest model,
only mean square error is considered. According to Miles(2005), “R square represents the
proportion of variance in the outcome variable which is explained by the predictor variables in
the sample”[8]. The mean square error measures the error of using the model to make a prediction,
according to Allen(1971), “Mean square error is believed to be more meaningful than the
commonly used criterion, the residual sum of squares.”[9]. Using k-fold cross validation can
decrease the randomness of the MSE, according to Berrar(2018), “Cross-validation is one of the
most widely used data resampling methods to estimate the true prediction error of models and
to tune model parameters. Ten-fold stratified cross-validation is often applied in practice. ”’[10] .
Therefore, 10-fold cross validation is chosen for the research.

In conclusion, the larger the R square, the smaller the MSE, indicating the better the model.

3. Results and Discussion

3.1. Data Visualization
Table 1. Summary of the Variables

Name Type Unit Description
Sex nominal -- M, F, and I (infant)
Length continuous mm Longest shell measurement
Diameter continuous mm perpendicular to length
Height continuous mm with meat in shell
Whole weight continuous grams whole abalone
Shucked weight continuous grams weight of meat
Viscera weight continuous grams gut weight (after bleeding)
Shell weight continuous grams after being dried

sex Length Diameter Height wholeweight shuckedweight visceraweight shellweight Age
Length:3341 min. :0.0750 wmin. :0.0550  min. :0.0000 wmin. :0.0020 wmin. :0.0010  min. :0.0005 min. :0.0015  min. : 2.50
Class :character 1st Qu. :0.4500 1st Qu. :0.3450 1st Qu.:0.1100 1st Qu.:0.4355 1st Qu.:0.1820 1st Qu.:0.0920 1st Qu.:0.1265 1st Qu.: 9.50
Mode :character Median :0.5400 Median :0.4200 Median :0.1400 Median :0.7905 Median :0.3315 Median :0.1690 Median :0.2300 Median :10.50
Mean :0.5227 Mean :0.4068 Mean 10.1387 Mean :0.8248 Mean 10.3575 Mean 10.1796 Mean :0.2376 Mean :11.42
3rd Qu. :0.6150 3rd Qu. :0.4800 3rd qQu.:0.1650 3rd Qu.:1.1635 3rd Qu.:0.5045 3rd Qu.:0.2540 3rd qQu. :0.3265 3rd Qu.:12.50
Max. :0.8150 Max. :0.6500 Max. :0.5150  Max. :2.7795 Max. :1.4880 Max. :0.7600  Max. :1.0050 Max. :30.50

Fig. 1 Basic distribution of the data (Photo credit: Original)

As shown in the Table 1 and Fig. 1, the summary of the data gives tells us the basic distribution of
variables.
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3.2. Variable Selection and correlation analysis

call:
gim(formula = Age ~ ., data = train_data)

Deviance Residuals:
Min 10 Median 3q Max
-6.9533 -1.3160 -0.3275 0.8819 14,3552

coefficients:
Estimate std. Error t value Pr(=|t|)

(Intercept) 5.21390 0.32702 15.943 < 2e-1f ***
SexI -0.581010 0.11297 -B8.056 1.08e-15 ¥¥*
SexMm -0.07089 0.09255 -0.766 0.443755
Length -0.34182 1.99532 -0.171 0.863988
Diameter 8.55059 2.46296  3.472 0.000524 w®w*
Height 71.71907 2.41407  8.997 < 2e-16 %=
wholeweight 7.52607 0.80011 9.406 < 2e-16 **¥*
shuckedweight -18.32787 0.89956 -20.374 < 2e-16 #%*
visceraweight -9.30065 1.42550 -6.524 7.86e-11 #%*
shellweight 9.40449 1.25838  7.473 9.93e-14 ¥
signif. codes: 0O f¥®%' 0,001 ‘=*' 0,01 “*' 0.05 .7 0.1 ° " 1

(Dispersion parameter for gaussian family taken to be 4.716761)
Null deviance: 34584 on 3340 degrees of freedom

rResidual deviance: 15712 on 3331 degrees of freedom
AIC: 14676

Fig. 2 Result of the initial linear regression (Photo credit: Original)

First, as shown in the Fig. 2, fit the model with its original variables in order to do a basic variable
selection. According to the result, sex Male has a significantly large p-value, which means male is
basically the same as female when making a prediction of the age. Therefore, Male and Female can
be treated as the same in the model. To make it convenient, replace all the Male in the data with
Female.

Then check the covariance table, and we found there are significant correlation between some
variables such as length and diameter, height and diameter, viscera weight and whole weight and so
on. To deal with the correlation problem, new variables such as length*diameter and viscera weight*
whole weight should be constructed to make the model more accurate.

3.3. Model training and evaluation

3.3.1 Linear regression model

The first model considered is Linear Regression Model, which is one of the most basic one.
First, directly fit the linear model, and use 10-fold cross validation to calculate the mean square
error.

[1] 4.753203

call:
gim(formula = Age ~ ., data = train_data)

Deviance Residuals:
Min 1q  median 3Q Max
-6.9533 -1.3160 -0.3275 0.8819 14.3552

coefficients:
Estimate std. Error T value Pri=|t|)

(Intercept) 5.213%0 0.32702 15.943 < Ze-1g #@#*
sexI -0.91010 0.11297 -8.056 1.08e-15 ##*
SexMm -0.07089 0.092535 -0.766 0.443755

Length -0.34182 1.99532 -0.171 0.863988

Diameter 8.55059 2.46296 3.472 0.000524 #¥*
Height 21.71907 2.41407 8.997 <« 2e-1lg ¥®*®
wholeweight 7.52607 0.80011 9.406 < 2e-16 ¥%*®
shuckedweight -18.32787 0.89956 -20.374 < 2e-16 ***

visceraweight -9.30065 1.42550 -6.524 7.86e-11 ***
shellweight 9.40449 1.25838 7.473 9.93e-14 wwx

signif. codes: @ ‘*®%' 0,001 “**' Q.01 ‘*' .05 “.' 0.1 ° "1

(Dispersion parameter for gaussian family taken to be 4.716761)
Null deviance: 34584 on 3340 degrees of freedom

residual deviance: 15712 on 3331 degrees of freedom

AIC: 14676

Number of Fisher Scoring iterations: 2

Fig. 3 The mean square error of the initial fit (Photo credit: Original)

98



Highlights in Science, Engineering and Technology AMMMP 2023
Volume 47 (2023)

As shown in the Fig. 3, the Sex male has a very large p value just like discussed in 3.2. Then
checked the covariance table, and it’s found that there are correlation between variables, so then
construct new variables by multiplying those correlated variables to solve the problem.

set.seed(1)
ntrain_data<-train_data
ntrain_datal[,10]<-train_dataiwholeweight*train_dataishuckedweight

ntrain_datal[,11]<-train_dataiwholeweight*train_dataivisceraweight
ntrain_datal[,12]<-train_dataiwholeweight*train_dataishellweight
ntrain_data[,13]<-train_dataishuckedweight*train_dataivisceraweight
ntrain_datal,14]<-train_dataishuckedweight*train_dataishellweight
ntrain_data[,15]<-train_datadvisceraweight*train_dataishellweight
ntrain_data[,16]<-train_dataswholeweight*train_dataishuckedweight*train_datajvisceraweight
ntrain_data[,17]<-train_datalwholeweight*train_dataishuckedweight*train_datajshellweight
ntrain_data[,18]<-train_datadshellweight*train_dataishuckedweight*train_datajvisceraweight
ntrain_datal[,19]<-train_dataSwholeweight*train_dataishellweight*train_datafvisceraweight
ntrain_datal,20]<-train_dataSwholeweight*train_dataSshuckedweight*train_datajvisceraweight*train_data$shellweight
ntrain_data[,21]<-train_dataSLength*train_data%Diameter
ntrain_data[,22]<-train_datajHeight*train_data$piameter

cv.error.10=rep(0,10)

for (i in 1:10){

Im. fit=gIim(age~. ,data=ntrain_data)
cv.error.10[i]=cv.gIm(ntrain_data, Im.fit, k=10)3delta[1]
mse-mean(cv. error.10)

nse
summary (Im. fit)

Fig. 4 Constructing new variables for correlation problem (Photo credit: Original)

As shown in the Fig. 4, 13 new variables have been constructed for possible correlation. After the
construction of new variables, fit the linear regression model again.

[1] 4.512397

call:
gIm(formula = Age ~ ., data = ntrain_data)

Deviance Residuals:
Min 10 Median 3q Max
-8.0068 -1.2416 -0.2710 0.8722 14.9159

coefficients:
Estimate 5td. Error t value Pri=|t|)

(Intercept) 4.73342 0.88452 5.351 9.32e-08 #**
SexI -0.70675 0.11362 -6.220 5.38e-10 w*=
Sexm -0.086%20 0.08964 -0.970 0.332353
Length -7.56233 4.09693 -1.846 0.065003
Diameter 10.95683 4.18613 2.617 0.008900 **
Height 36.31055 11.28592 3.217 0.001306 **
wholeweight 2.27432 3.38168 0.673 0.501286
shuckedweight -12.61642 3.22298 -3.915 9.24e-05 #%*
visceraweight 6.81970 8.33269 0.816 0.414291
shelTweight 45.14410 5.54031 8.148 5.17e-16 ***
...10 19.65814 5.31320 3.700 0.000219 ¥«
P s -1.60778 9.72335 -0.165 0.868676
L..12 12.73823 7.55017 1.687 0.091670
L..13 -37.88173 22.53413 -1.681 0.092841 .
L..14 -114.35684 18.71000 -6.112 1.10e-09 #**
...15 -55.96691 33.74852 -1.658 0.087341 .
...16 -14.37548 11.16156 -1.288 0.197855
P -3.51523 8.70986 -0.404 0.686539
...18 293.75256 68. 84302 4.267 2.04e-05 ¥
...1% -30.16896 17.18503 -1.756 0.079260
... 20 -25.03154 13.98733 -1.790 0.073612
L..21 0.49728 8.57118 0.058 0.953738
..22 -56.03795 24.48193 -2.289 0.022145 *
Signif. codes: O “*¥%’ 0,001 ***’ Q.01 '*' Q.05 “." 0.1 ° "1

(Dispersion parameter for gaussian family taken to be 4.405646)
Null deviance: 34584 on 3340 degrees of freedom

residual deviance: 14618 on 3318 degrees of freedom

AIC: 14461

Number of Fisher Scoring iterations: 2

Fig. 5 The mse after adding the variables (Photo credit: Original)

As shown in the Fig. 5, the mean square error has decreased significantly, but there are some newly
constructed variables that have large p-value. Then remove the variables with significantly large p-
value. The first one chosen to remove is the SexM, like the discussion before, replace all male with
female.
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gim{formula = age ~ .,

4,510448

1:
data = ntrain_data)

Deviance Residuals:

e

o e

o e

e
e

e

o e

o e

e

%

0.1 71

Min 1q median 3q Max
-8.0388 -1.2414 -0,2724 0.8738 14,9325
Coefficients:
Estimate std. Error t© value pPr(=|t]|)
(Intercept) 4.6968 0.8837 5.315 1.14e-07
SexI -0.6560 0.1009 -6.504 B,98e-11
Length -7.7083 4.0941 -1.883 0.059821 .
Diameter 10.9192 4.1859 2.609 0.009133
Height 36.4625 11.2847 3.231 0.001245
wholeweight 2.3061 3. 3815 Q.682 0.495309
shuckedweight -12.6359 3.2229 -3.921 9.01e-0D5
visceraweight 6.9831 8.3509 0.836 0.403085
shellweight 45,1333 5.5403 8.146 5, 25e-16
... 10 19.6779 5.3131 3.704 0.000216
..11 -1.8575 9.7199 -0.191 0.848459
.12 12.7059 7.5500 1.683 0.092490
.13 -38,1548 22.5322 -1.693 0.090483
.. 14 -114.6957 18.7066 -6.131 9.74e-10
.. 15 -35.6399 33.7465 -1.649% 0.099292 .
.. 16 -14,1708 11.1593 -1.270 0.204229
W17 -3.4175 §.7092 -0.392 0.624790
..18 294.4376 68.83B8 4.277 1.95e-05
.. 19 -29.9918 17.1839 -1.745 0.081018
.. 20 -25.4933 13.9791 -1.824 0.068291 .
.21 0.8380 8.5639 Q.098 0.922055
.22 -36.3826 24.4791  -2.303 0.021324
signif. codes: 0 f®%¢’ 0,001 ‘®®' Q.01 ‘*' 0,03 °.°7

Fig. 6 Result of the model after replacing male with female (Photo credit: Original)

As shown in the Fig. 6, it can be seen that the mean square error decreased slightly, but there are
still many variables with p-value larger than 0.05. Next, remove the variable with the largest p-value
one at a time, and check the 10-fold cross validation mean square error every time a variable is
removed, stop removing variable until the mean square error begin to increase, and that should be the
final linear regression model.

- r}

set.seed(1)

newtrain_data<-select(ntrain_data,c(-21,-17,-15,-16,-11,-7,-12,-20))

cv.error.10=rep(0,10)

~ for (i in 1:10)
Im. fit=gIm(age~. ,data=newtrain_data)
cv.error.10[i]=cv.glm(newtrain_data, Im.fit, K=10)%deltal1]

mse=mean(cv.error.10)
mse
summary (1m. fit)

[1] 4.480284

call:
gIm(formula = Age ~ ., data = newtrain_data)
Deviance Residuals:

min 1Q
-7.4777 -1.2585

median 3Q Max
-0.2709 0.8707 15.1817

coefficients:
Estimate std. Error t value Pri=|t|)

(Intercept) 4.28254 0.59337 7.217 B.54e-13 ¥¥®®
sexI -0.65180 0.09913 -6.573 5.62e-11 *=**
Length -7.41916 2.10585 -3.523 0.000432 #***
Diameter 13.23968 3.17786 4.166 3.1Be-05 **¥
Height 44 6.65892 6.608 4.50e-11 ***
wholeweight 4 1.31581 3.585 0.000342 *¥*
shuckedweight -15 7 1.66231 -9.503 = 2e-16 ®¥%
shellweight 34.93903 2.89646 12.063 <« 2e-16 =%*
...10 10.78154 1.41032 7.845 2.72e-14 ¥w%
.13 -25.02219 4.42745 -5.652 1.72e-08 #%*
L..14 -49.96441 5.81697 -B.389 < 2e-16 ***
...18 79.20914 16.72285 4.737 2.26e-06 ¥%¥
... 19 -20.49349 4.64710 -4.410

..22 -72.44806 14.68602 -4.933

signif. codes: 0 f***' 0,001 ‘**' Q.01 “*' 0.05 *.°

(Dispersion parameter for gaussian family taken to be 4.42757)

Null deviance: 34584
Residual deviance: 14731
AIC: 14468

on 3240
on 3327

degrees of freedom
degrees of freedom

Number of Fisher Scoring iterations: 2

0.1 ¢ "1

Fig. 7 Final version of linear model (Photo credit: Original)
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The final version of linear regression is shown in the Fig. 7. Therefore, for the linear regression
model, the lowest mean square error is 4.480284, and after getting the final model, use the function
“Im()” to refit the model in order to get the multiple R square.

STy

nim. fit=1m(age~. ,data=newtrain_data)
summary (nim. fit)

call:

Im(formula = Age ~ ., data = newtrain_data)
rResiduals:
Min 10 Median Ele] Max

-7.4777 -1.25385 -0.270% 0.8707 15.1817

coefficients:
Estimate std. Error T value pri=[T|)

{Intercept) 4.28254 . 59337 7.217 6.54e-13 %
SexI -0.65180 .09913  -6.575 5.62e-11 #%*
Length -7.41916 .10585 -3.523 0.000432 =%
Diameter 13.23068 L17786 4.166 3.18e-05 #%%

0
0
2
3
Height 44,00530 6.653892 6.608 4,50e-11 ===
wholeweight 4.71724 1.31581 3.585 0.000342 www
shuckedweight -15.79767 1.66231 -9.503 < 2e-16 #®*
shellweight 34.93903 2.89646 12.063 < 2e-16 %%*
... 10 10.78154 1.41032 7.643 2.72e-14 ®u%
...13 -25.02219 4
... 14 -409, 96441 5
... 18 79.20914 ]
...19 -20.49349 4
.22 -72.44806 4

L42745  -5.652 1.72e-08 #%*
.B1697 -B.53B9 < Ze-16 w¥¥
. 72285 4,737 2.26e-06 ***
L64710  -4.410 1.07e-03 #%*
. 68602 -4.933 8.49e-07 wwe¥

=

=

signif. codes: © ‘®®%' p_001 ‘®*#' Q.01 ‘*' 0.05 ‘.7 0.1 ° ' 1
residual standard error: 2.104 on 3327 degrees of freedom

Multiple R-squared: 0.5741, Adjusted R-squared: 0.5724
F-statistic: 344.9 on 13 and 3327 OF, p-value: < 2.2e-16

Fig. 8 Result of the Im() function (Photo credit: Original)

The result of Im() is shown in the Fig. 8, and the multiple R square for the best linear model is
0.5741, which is not a bad result for a real life problem.

In conclusion, for the linear regression model, the mean square error is 4.480284, multiple R square
is 0.5741, and the equation of the model is Age=-0.65*Sex(equals to 1 if it’s Infant) - 7.42*Length
+ 13.24*Diameter + 44.01*Height + 4.72*Wholeweight - 15.80*shuckedweight -+
34.94*shellweight + 10.78*whole*shucked - 25.02*shucked*viscera - 49.96*shucked*shell +
79.21*shell*shucked*viscera - 20.49*whole*shell*viscera - 72.45*Height*Diameter + 4.28 .

3.3.2 Polynomial regression model

Second model considered is the polynomial mode, it’s similar to the linear regression model
but it’s more practical in the real world. First, use glm function to fit the model, turn all variables
to second power, and calculate the 10-fold cross validation mean square error.

,2)+poly(shuckedweight,2)+poly(viscerameight, 2)+poly(shel Iwefght ,2) ,data-train_data

Fig. 9 Initial polynomial regression (Photo credit: Original)

According to the result in Fig. 9, the mean square error of this basic polynomial model is 4.472435,
which is already lower than the best version of linear model, thus polynomial model definitely is
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better than linear model in this regression problem. Just like the linear model, the p-value of the SexM
is still large in the polynomial model, thus replace all male with female.

[1] 4.470623

call:

gim(formula Age ~ Sex + poly(Length, 2) + poly(Diameter, 2) +
poly(Height, 2) + poly{wholeweight, 2) + poely(shuckedweight,
2) + poly(visceraweight, 2) + poly(shellweight, 2), data = train_data)

Deviance rResiduals:

Min 1g median 3qQ Max

-7.3048 -1.2668 -0.2903 0.8873 15.7300
Coefficients:

Estimate Std. Error t value Pri=[t|)
(Intercept) 11.63654 0.04B883 238.322 < 2e-16 *
SexI -0.65705 0.09996 -6.573 5.70e-11
poly(Length, 2)1 -36.53444 15.62130 -2.339 0.01941
poly(Length, 2)2 -20.34316 B.86730 -2.294 0.02184 *
poly(Diameter, 2)1 23.74473 15.42634 1.339 0.12385
poly(Diameter, 2)2 -6.03339 8.99316 -0.671 0.50234
poly(Height, 2)1 29.97289 6.04296 4,980 7
poly(Height, 2)2 -6.61079 2.75762 -2.397
poly(wholeweight, 2)1 315.42362  26.16480 12.055
poly(wholeweight, 2)2 -64.79913 11.73530 -5.522
poly(shuckedweight, 2)1 -279.01571 12.77313 -21.844
poly(shuckedweight, 2)2 51.41213 6.66680 9.212
poly(visceraweight, 2)1 -64.01542 10.48885 -6.103
poly(visceraweight, 2)2 16.02462 5.81722 2.755
poly(shellweight, 2)1 109.49840 12.35071 8.866 o
poly(shellweight, 2)2 -9.63414 5.34929 -1.801 0.07179 .
signif. ceodes: © f¥**' 0,001 “**' 0,01 “*' Q.05 “.' 0.1 ° ' 1

(Dispersion parameter for gaussian family taken to be 4.411921)

34584
14670

on 3340
on 3325

Null deviance:
residual deviance:
ATIC: 144538

degrees of freedom
degrees of freedom

number of Fisher scoring iterations: 2

Fig. 10 Result after replacing male with female (Photo credit: Original)

As shown in the Fig

. 10, after replacing male with female, the mean square also decrease slightly

like the linear model. Then check the covariance table, and adjust the power of each variables, remove
those with large p-value, stop until the mean square error reaches the lowest point. Considering in the
polynomial model, there will be much more combination between variables, thus we construct new
variable according to the covariance table one at a time in order to make the model less complicated.

set.seed(1)
cv.error.10-rep(0,10)
for (i in 1:10){

poly. fit=g
kedweight,1),data-train_data

age-sex+poly(Length,2)+poly (Diameter 1) +poly(Height, 2)+poly(wholeweight , 2)+poly (shuckedweight 4)+poly (visceraneight ,2)+poly (shellneight ,2) +poly(wholeneight “shuc

cv.error.10[i]=cv.gIn(train_data, poly.fit, K=10)sdelta[1]

mean(cv. error.10)
summary (poly. fit)

[1] 4.35839

call:

gIm(formula - age ~ sex + poly(Length, 2) + poly(Diameter, 1) +
poly(Height, 2) + poly(wholeweight, 2) = poly(shuckedweight,
4) + poly(visceraweight, 2) + poly(shellweight, 2) + poly(wholeweight *

shuckedweight, 1), data -

peviance Residuals:
1q
-1.2305

Median

in
-8.2336 -0.2745 0

coefficients:
(1ntercept)

poly(Length, 2)1
poly(Length, 2)2
poly(oiameter, 1)
poly(Height, 2)1
poly(Height, 2)2
poly(wholeweight, 2)1
poly(wholeweight, 2)2
poly(shuckedweight,
poly(shuckedweight,
poly(shuckedweight,
poly(shuckedweight,
poly(visceraweight,
poly(visceraweight,
poly(shellweight, 2)1
poly(shellweight, 2)2
poly(wholeweight *

Signif. codes: 0 *wsx”

shuckedweight, 1)

0.001 ‘xx

train_data)

3Q Max
. 8801 15.6119

Estimate std. Error t value Pr(>[t|)
0.04828 241.050 < 2e-16 ***
0.09890 -6.672 2.94e-11 #v

14.34759 -2,366 0.0L8016 *
4.66830 -4.210 2.62e-05 **¥

14.05902  1.826 0.067899
5.97289
2.71068
56.01761
21.18907
55.61724
20.94653
3.35429

4,815 1.548-06 ***
-2.500 0.012474 *
13.381 < 2e-16 **

-16.47100 5.40100
-942.57410 109.65099 -8.596 < 2e-16 ***
0.01 ‘' 0.05 .7 0.1 1

(bispersion parameter for gaussian family taken to be 4.309025)

Mull deviance: 34584 on 3340 degrees of freedom
Residual deviance: 14319 on 3323 degrees of freedom

AIC: 14382

Number of Fisher scoring iterations: 2

Fig. 11 Model after adjusting (Photo credit: Original)

Final version is shown in the Fig. 11, the mean square error is 4.35839, and when trying to
construct another new variables, no matter what variable is being constructed, the mean square error
can not be decreased. Therefore, this would be the best version of polynomial model. Using the

function Im(),
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poly=Im(age~sex+poly(Length,2)+poly(Diameter,1)+poly(Height,2)+poly(wholeweight, 2)+poly(shuckedweight,4)+poly(visceraweight,2)+poly(shellweight,2)+poly(wholeweight*shuckedwe
ight,1),data=train_data)
summary (poly)

call:

Im(formula = age ~ Sex + poly(Length, 2) + poly(Diameter, 1) +
poly(Height, 2) + poly(wholeweight, 2} + poly(shuckedweight,
4) + poly(visceraweight, 2) + poly(shellweight, 2) + poly(wholeweight *
shuckedweight, 1), data = train_data)

Residuals:
Min 1q Median 3q Max
-8.2336 -1.2305 -0.2745 0.8801 15.6119

coefficients:
Estimate std. Error T value pri=|t|)

(Intercept) 11. 63747 0.04828 241.050 < 2e-16 *¥*
sexI -0.65988 0.09890 -6.672 2.94e-11 ***
poly(Length, 2)1 -33.95297 14.34759 -2.366 0.018016 *
poly(Length, 2)2 -19.63262 4.66830 -4.210 2.62e-035 *¥*
poly(Diameter, 1) 25. 67555 14.05902 1.826 0.067899 .
poly(Height, 2)1 28.75734 5.97289 4.815 1.54e-06 ¥**
poly(Height, 2)2 -6.77615 2.71068 -2.5300 0.012474 *
poly(wholeweight, 2)1 749.56478 56.01761 13.381 < 2e-16 ***

poly(wholeweight, 2)2 79.57658 21.18907 3.7536 0.000176 ww®
poly(shuckedweight, 4)1 187.48014 55.61724 3.371 0.000738 #ws
poly(shuckedweight, 4)2 228.15871 20.94653 10.892 < 2e-16 #**
poly(shuckedweight, 4)3 -2.62825 3.35429 -0.784 0.433360

poly(shuckedweight, 4)4 -8.28237 2.66007 -3.114 0.001864 **
poly(visceraweight, 2)1 -60.09921  10.39047 -5.784 7.97e-09 #¥*
poly(visceraweight, 2)2 17.75552 5.75550 3.085 0.002032 #*
poly(shellweight, 2)1 102.356329 12.23713 B.381 <« 2e-16 ¥
poly(shellweight, 2)2 -16.47109 5.40100 -3.050 0.002309 **

poly{wholeweight * shuckedweight, 1) -942.57410 109.65099 -8.596 < 2e-16 ***

signif. codes: 0@ ‘¥¥x’ 0,001 ‘*%' Q.01 ‘%’ 0.05 ‘. 0.1 * ' 1

rResidual standard error: 2.076 on 3323 degrees of freedom
Multiple R-squared: 0.586, Adjusted R-squared: 0.5838
F-statistic: 276.6 on 17 and 3323 DF, p-value: < 2.2e-16

Fig. 12 result of Im() function (Photo credit: Original)

In the Fig. 12, the multiple R square of the polynomial model is shown, which is 0.586, and it’s
larger than the linear regression model.

In conclusion, the best version of polynomial model has mean square error 4.35839 and multiple
R square 0.586, which is more accurate than the linear model. The polynomial model is

Age=11.64 - 0.66*Sex(equals to 1 if it’s Infant) - 33.95*Length - 19.65*Length”2 +

25.68*Diameter + 28.76*Height - 6.78*Height*2 + 749.56*whole weight + 79.58*whole weight"2
+ 187.48*shucked weight + 228.16*shucked weight"2 - 2.63*shucked weight*3 - 8.28*shucked
weight*2 - 60.10*viscera weight + 17.76*viscera weight*2 + 102.56*shell weight - 16.47*shell
weight"2 - 942.57*whole weight *shell weight .

3.3.3 Random Forest

The last model considered is random forest, with ntree equals to 500 and mtry equals to 3. Using
the randomforest package, fit the model.

s
Tibrary(randomForest)
set.seed(1)
cv. error.10=rep(0,10)

for (i in 1:10){
rfm=randomForest (Age~. ,data=train_data
ntree=500,
mtry=3,
proximity=TRUE,
importance=TRUE
)

gv.error.10:T:=cﬁ.g1m(tra1n7data, rfm, k=10)fdeltall]

summary (rfm)
mean(cv. error.10)

Length Class Mode
call 7 -none- call
type 1 -none- character
predicted 3341 -none- numeric
mse 500 -none- numeric
rsq 500 -none- numeric
oob. times 3341 -none- numeric
importance 16 -none- numeric

importancesp 8 -none- numeric
TocalImportance 0 -none- NULL
proximity 11162281 -none- numeric
ntree 1 -none- numeric
mery 1 -none- numeric
forest 11 -none- Tist
coefs 0 -none- NULL
Y 3341 -none- numeric
Test 0 -none- NULL
inbag 0 -none- NULL
terms 3 terms call

[1] 4.475051

Fig. 13 Initial random forest model (Photo credit
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The mean square error in Fig. 13 shows it’s not a bad result, and then check the importance plot.
Replace all male with female just like the first two models

train_data[train_datafsex=="m",1]<-"F"

set.seed(l)

cv.error.10=rep(0,10)

- for (i in 1:10){

rfm=randomForest (age~. ,data=train_data,
ntree=500,
mtry=3,
proximity=TRUE,
importance=TRUE

;v.error.lo:i:=cﬂ.g1m(train_data, rfm, K=10)3deltal[1]
éummary(rfm)
mean({cv.error.10)

-

Length Class Mode

call 7 -none- call
Type 1 -none- character
predicted 3341 -none- numeric
mse 500 -none- numeric
rsq 500 -none- numeric
oob. times 3341 -none- numeric
importance 16 -none- numeric
importancesD 8 -none- numeric
TocalImportance 0 -none- NULL
proximity 11162281 -none- numeric
ntraee 1 -none- numeric
mEry 1 -none- numeric
forest 11 -none- 1ist
coefs 0 -none- NULL

Y 3341 -none- numeric
Test 0 -none- MNULL
inbag 0 -none- NULL
terms 3 terms call

[1] 4.466598

Fig. 14 The importance plot (Photo credit: Original)

As shown in Fig. 14, after the replacement, the mean square error do decrease slightly, then when
trying to remove variable with large p-value or add new variables constructed by correlated variable,
the mean square error do not decrease anymore.

In conclusion, the final version of random forest has mean square error 4.466598, which is lower
than linear model and larger than polynomial model. The data set has some limitations that may affect
the research. First, the data is collected in 27 years ago, as the change of environment, the data may
not be the best option to fit the model today. What’s more, there are different kinds of abalone in the
whole world, and the dataset didn’t only contains 4177 instances, which may be not enough to cover
all kinds of abalone, thus may affect the accuracy of the model.

3.4. Limitation

The data set has some limitations that may affect the research. First, the data is collected in 27
years ago, as the development of environment, the data may not be the best option to fit the model
today. What’s more, there are different varieties of abalone in the whole world, and different kind of
abalone has different physical characters. However, the data only contains 4177 instances and does
not categorized abalone according to its varieties, thus the model may be not accurate for some other
species of abalone.

As for the model training process, limitations also exist. For the polynomial model and the random
forest model, there may be better combination of independent variables, however, the number is too
large and we can’t try all of them. Moreover, running the random forest model in a regular computer
is really a time-consuming process, which makes it difficult to adjust the model and try new
possibilities. The correlation problem may be able to solve in a better way with different combinations
of independent variables for all three models.

Finally, the criteria for model evaluation are relatively simple, more complete evaluation of the
models are possible.
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4. Conclusion

In conclusion, studying about abalone is a meaningful and beneficial work for many people and
countries whose lives and economy rely on it, and constructing a model to predict its age can save
researchers a lot of time and work. In this research, three models are considered to predict the age of
abalone, the linear regression model, polynomial regression model and the random forest, R-squares
and mean square error are used to evaluate the model. Moreover, 10-fold cross validation is used to
calculate the mean square error in order to decrease the randomness. After processing the data,
analyzing the variables, constructing new variables for the correlation problem and variables selection,
polynomial model appears to be the best model among three, it has the lowest 10-fold mean square
error and largest multiple R-square. Though random forest has a higher mean square error, it has
shown great potential in making the predictions. However, because of the limitation of computer,
further development in random forest is difficult, but it would not be a surprise if an updated random
forest model has lower mean square error. This research provide a new model to predict the age of
abalone according to its physical measurements and a direction to do further research, it is making
the research about abalone more convenient and thus making contribution to the development of
abalone industry.
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