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Abstract. This paper focuses on tourism development based on genetic algorithm and multiple linear
regression model. Firstly, the data are preprocessed, including identifying outliers and processing
them through QR algorithm, as well as standardizing and normalizing the data for transformation.
Second, polynomial regression models were constructed for tourism development analysis, defining
target variables and input features, and ridge regression models were built for prediction through
polynomial feature generation, etc., and model effects were evaluated through residual and error
analysis; meanwhile, multiple linear regression models were constructed to analyze glacier
recession, defining relevant variables and evaluating parameters. Finally, in order to achieve the
comprehensive optimization objectives of maximizing tourism revenue and minimizing glacier
recession, genetic algorithm is used to optimize it, and through a series of genetic operations,
synergistic optimization of multiple parameters is achieved to effectively deal with the trade-off
situation between tourism development and glacier recession.

Keywords: Polynomial regression models; ridge regression; multiple linear regression models;
genetic algorithms.

1. Introduction

In the field of tourism development, previous studies of the same type have mostly used a single
model or simple data analysis methods. These methods are often difficult to comprehensively capture
the complex variable relationships and have limitations in dealing with the actual situation of multiple
factors interacting with each other and are unable to realize the comprehensive optimization of
tourism economy and ecological environment!,

In order to break through the above limitations, this paper comprehensively utilizes genetic
algorithm[ and multivariate linear regression model® to carry out in-depth research. On the one
hand, the polynomial regression model is used to process the data related to tourism development],
covering multiple links, and accurately analyze the relationship between tourism income and various
influencing factors®; on the other hand, the integrated objective function of maximizing tourism
income and minimizing glacier retreat is optimized by genetic algorithm to analyze the multi-
parameter synergistic optimization. The research in this paper can fully consider the complex
relationship between multiple factors in the two key situations of tourism development and glacier
recession, realize the comprehensive optimization of multiple objectives, and provide a more
scientific basis for tourism development planning and environmental protection decision-makingf®.

2. Data Preprocessing

2.1. Data Cleaning

2.1.1 Missing value processing

In the actual data collection process, some features (such as temperature, number of tourists,
precipitation, etc.) may have missing values. The existence of missing values will affect the training
and prediction effect of the model, so it needs to be processed. For missing values, the mean filling
method is used in this model.

Assume that the data set contains n samples, and the variables X have missing values. The study
first X express the observed values of as vector form:
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X = [Xll Xz, ...... ,Xn]r (l)
Some X; values may be missing, and the subscript set of non-missing values is defined as:

Q={lx Not-missing} (2)

Next, calculate X the observed mean of the variable u and replace the missing X; values with
the observed mean u :

1
U= EZL'EQ Xi (3)

Where u is the observed mean, ;cqX; is the sum of the non-missing values in the column, Q
and is the number of non-missing values.

2.1.2 QR outlier identification

First, implement data sorting and quantile definition:

Assume that the data set is X = x4, Xx,, ..., X, and then arrange it in ascending order to get the
ordered sequence: Xy < X(2) < *** < X(p).

Then implement the quantile definition:

First quartile ( Q; ): 25% of the observations in the data are less than or equal to it.

Q1 = Quantile - function (X,p = 0.25) 4)
Third quartile (Q3): 75% of the observations in the data are less than or equal to it.
Qs = Quantile-function X,p = 0.75) )
Next, calculate the interquartile range ( IQR ):
IQR=Q3 - Q (6)

IQR Describes the dispersion of the middle 50% of the data.
The outlier boundary formula is given as:
Nether:

Lower Bound = Q1 — KX IQR (7)
Upper bound:

Upper Bound = Q3 T kX IQR (8)
Where is the adjustment coefficient ( kk = 1.5 in this model).
The outlier determination condition is x; < Lower Bound or x; > Upper Bound. After
determining it as an outlier, it will be filled as a missing value.

2.2. Data Conversion

Since different features have different dimensions, standardization or normalization can
effectively prevent certain features from having too much influence on model training, especially for
distance-based algorithms (such as regression analysis). The formula is as follows:

e
x =% (©)

Among them: X' is the standardized data, X is the original data, p is the mean, and o is the
standard deviation.
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3. Tourism Development Analysis

3.1. Target Variable and Input Feature Definition

The target variable is tourism revenue y, which is defined by the product of the number of tourists
T and their spending S:

y=TXxS (10)

The model directly reflects the scale of tourism economy through tourism revenue, which is the
core objective of the model's prediction.
The input features x includes the following:

X = [Tlog, Siog: 0,1, ¢, €, rJ (11)

Where: Ty, =1In (1 +T) represents the logarithmic transformation of the number of tourists
(alleviating dimensional differences and heteroscedasticity), S;oq =In(1+S) represents the

logarithmic transformation of tourist spending, 6 represents the average temperature (°C), p
represents the precipitation (mm), c represents the cloud cover (%), e represents the potential
evapotranspiration (mm/day), and r represents the poverty rate (unit: number of poor people/total
population).

3.2. Data Standardization and Normalization

Data standardization has been described in the data preprocessing section. The characteristics after
standardization are as X, follows. Here the study focuses on describing the normalization of the
target variable.

In this model, the target variable needs to y be scaled to the interval [0,1]:

— Y~Ymin (12)

norm Ymax—Ymin

The role of normalization is to accelerate model convergence and avoid gradient explosion.

3.3. Polynomial Feature Generation

Then, the standardized features x.,,.q are expanded by cubic polynomial to generate nonlinear
features:

Xpory = |1, x;, %), x2, x2x;, x| (i, j € {1,2, ....... 7hLi <)) (13)

Polynomial expansion was performed to capture interactions and nonlinear relationships between
features (e.g., the joint effects of temperature and precipitation).
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Fig. 1 Feature correlation heat map

This is a feature correlation heat map. The horizontal and vertical axes of this figurerepresent the
feature names, which respectively represent the year, the number of tourists in Juneau, the
temperature, etc. The depth of the color represents the strengthof the correlation. As can be seen from
the above Fig. 1, the closer the color is to red, thestronger the correlation is. The closer the color is to
blue, the weaker the correlationis

3.4. Establishing Ridge Regression Model
Ridge regression minimizes the loss function with L2 regularization:

+alwl? (14)

o 2
m1n||y
w

-X _w
norm poly

Where: w is the regression coefficient vector, dimension is the polynomial feature number. X,
is the polynomial feature matrix. « is the regularization strength, used to control the model
complexity.

The optimal value is selected through 5-fold cross validation (GridSearchCV) a* to minimize the
prediction error.

3.5. Model Prediction and Inverse Transformation
Predict the normalized target variable:
s\’norm = Xploy w’ +b (15)

Among them: b is the intercept term.
Inverse normalization:

y= }A’nm.m * Umax — ymin) + Ymin (16)
The goal is to restore the predicted values to their original scale.
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Fig. 2 Actual income VS predicted income

The above is the actual income VS predicted income chart. This scatter plot showsthe relationship
between the actual income and the income predicted by the Ridgeregression model. Each point
represents a year, the horizontal axis is the actual income, and the vertical axis is the predicted income.
All the points in the figure are roughlydistributed along the diagonal line (ideal fitting line), that is,
the predicted incomeisalmost exactly the same as the actual income. As can be seen from the above
Fig. 2, the model prediction effect is very good.

3.6. Residual and Error Analysis

Residuals r (analyze the difference between actual and predicted values, used to assesslocal
deviations of the model):

r=y —y (7)
1e13 Residuals of the Ridge Regression Model
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Fig. 3 Residual between the predicted revenue and the actual revenue

Above Fig. 3 shows the residual (i.e., forecast error) between the predicted revenue and the actual
revenue. The horizontal axis is the predicted revenue, and the vertical axis is the residual (the
difference between the actual revenue and the predicted revenue). A horizontal line (y = 0) is also
drawn in the figure, which indicates that the forecast error is zero in the ideal case. This figure is used
to check the fit of the model.

Average relative error (MAE,)):

1 Yi—Y
MAE =3I, P22 (18)
The average prediction error of the model is 2.09%.

3.7. Feature Correlation Analysis
Analyzed by Pearson correlation coefficient:
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_ Cov (xyx;)

pij = Tonon, (19)

4. Glacier Retreat Analysis

4.1. Symbol Definition and Target Variable

Target variable G : represents the glacier area loss in square kilometers (km?)
Input features u : Includes the following six environmental and human factors:

u = [uy, us, Ug, Us, Usg, Ug) (20)

Where: u, is the average annual temperature ( °C), u, is the annual number of tourists (person-
times), us is the carbon dioxide emissions (unit: kilotonnes), u, is the methane emissions (unit:
Kilotonnes), us is the total greenhouse gas emissions (unit: kilotonnes), u, and is the nitrous oxide
emissions (unit: kilotonnes).

4.2. Building a Multiple Linear Regression Mode
The linear relationship between glacier retreat and various factors can be expressed as:
G = Bo + Pruy + Bauy + Baus + Pauy + Psus + Beug + € (21)

Where: [, isthe intercept term, representing the baseline glacier loss. Sy, ..., B¢ IS the regression
coefficient, quantifying the contribution of each factor to glacier loss. ¢ is the random error term,
which follows a normal distribution with a mean of 0 & ~ N(0, 52).

4.3. Parameter Estimation and Model Training
Estimate the regression parameters using the least square method:

A 2
B =arg min Sl (G~ (Bo + Tur Bu))) (22)
Among them: N is the number of observed samples, S is the optimal coefficient vector.

4.4. Model Evaluation Metrics
Mean Square Error (MSE)

A N\2
MSE =<3, (G —G;) (23)
Coefficient of determination (R?)
2 1 _ D (Gi—él)z
M= ey @)

Where: G is the mean of glacier loss, reflecting the proportion of variance explained by the model.
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4.5. Visualization Analysis

- Contour Plot: CO2 and Methane Emissions vs Glacier Area Loss
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Fig. 4 Contour map

The horizontal axis of this Fig. 4 represents the range of carbon dioxide emissions, andthe vertical
axis represents the range of methane emissions. The contour lines represent the glacier ablation values
predicted by the model under different carbon dioxide andmethane emissions. The color map
represents the range of glacier ablation values usingplasma color mapping. The color bar represents
the specific numerical range of glacier ablation values. This figure analyzes the joint impact of carbon
dioxide and methaneemissions on glacier ablation. The density and color changes of the contour
linesintuitively show the impact of these two features on the target variable.

o
~
a

5. Analysis of Synergistic Optimization Between Glacier Retreat and Tourism

5.1. Symbolic Definition and Objective Function

Obijective function H:

Comprehensive optimization objectives, maximizing tourism revenue R and minimizing glacier
retreat penalties P:

H = —R + P (Minimizing H is equivalent to maximizing R and minimizing P).

Input variables v (including the following 11 parameters):

v = [Nr S! 9' p, K, ¢' £C028CH4' EGHG» ENZO] (25)

Where: N is the number of tourists (person-times), S is the tourists' spending (US$), 0 is the
average annual temperature (°C),p is the precipitation (mm), « is the cloud cover (%), is the n
potential evapotranspiration (mm/day), ¢ is the poverty rate (per 1,000 people), &co, is the

carbon dioxide emissions (thousand tons), ecy, is the methane emissions (thousand tons), egyg is
the total greenhouse gas emissions (thousand tons), ey, and is the nitrous oxide emissions
(thousand tons).

5.2. Tourism Income Model
Basic income:
Ry=N-S (26)
Environmental factor adjustments:

AR = —0.01(8 — 5.0)N — 0.005(p — 110.0)N + 0.002(x — 75.0)N — 0.001(n — 1.3)N —
0.0001¢N 27)
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Total Income:
R =R, + AR (28)

5.3. Glacier Retreat Penalty Model

Predicted glacier retreat (G based on a multivariate linear regression model withcoefficients of
coefficients of y; ):

G=v0+y,0+y,N+ Y3€co, t Yaéch, T Vsécue T Veén,o (29)

Penalty items:
P = max(0,G — 4.0) (30)
When the predicted glacier retreat G exceeds a threshold of 4.0 km?, a linear penalty is applied.

5.4. Genetic Algorithm Optimization Framework

Chromosome code:
Each individual is represented as v € R'! containing all optimization variables.
Fitness function:

Fitness (V) = H = —R(v) + P(v) (31)

Genetic Operations:

Selection: retain 50% of individuals with the best fitness.

Crossover: Single-point crossover generates offspring.

Mutation: Add uniform perturbations to random genes with probability 0.1:

v; «v;+ 6,6 ~u(—=0,05,0.05) (32)

5.5. Error Analysis

The fitness change curve shows the fitness value change of the genetic algorithmineach generation.
From the Fig. 5, the study can see that the rapid convergence: in the first fewgenerations, the fitness
value drops rapidly, indicating that the algorithmquickly finds agood solution. Stabilization: as the
number of iterations increases, the fitness valuegradually stabilizes, indicating that the algorithm is
close to the optimal solution. Local optimum: in the later stage, the change in fitness value is very
small, indicating that thealgorithm may fall into a local optimum, but still finds a more reasonable
solution.

1e15 Fitness Over Generations
-1.5850

-1.5875 T
-1.5900
-1.5925
-1.5950

-1.5975

-1.6000
-1.6025
-1.6050

0 20 40 60 80 100
Generation

Fig. 5 Fitness change curve
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6. Conclusion

In this paper, the study has conducted an in-depth investigation on tourism development and
glacier recession by using genetic algorithm and multiple linear regression model. In terms of data
processing, the mean padding method and QR algorithm are used to deal with missing values and
outliers, and data standardization and normalization are completed to effectively improve data quality.
In terms of model construction, polynomial regression model was constructed to analyze tourism
development, and multiple linear regression model was constructed to study glacier recession, and
the models showed good prediction and explanation ability after evaluation from various aspects.
Meanwhile, with the help of genetic algorithm, tourism income and glacier recession are co-optimized
to cope with the multi-objective optimization situation to a certain extent. Compared with the
traditional single model or simple analysis method, this study integrates multiple algorithms, which
can reveal the complex relationship between the factors more comprehensively and accurately.
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