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Chapter 1 Introduction 

1.1 Motivation 

Japan has long been a premier destination for international travelers, with cities like Tokyo, 
Kyoto, and Osaka attracting millions of visitors annually due to their cultural heritage, modern 
attractions, and culinary diversity [21]. For travelers, managing expenses is critical, and 
accommodation costs—particularly hostel prices—constitute a significant portion of travel 
budgets. Understanding and predicting these costs is essential for both tourists planning itineraries 
and businesses optimizing pricing strategies. Recent studies highlight the dynamic nature of 
hospitality pricing, influenced by factors such as location, seasonal demand, amenities, and online 
reviews [17,19,24]. However, few studies have focused specifically on hostel pricing in Japan, 
despite its unique market characteristics shaped by compact urban layouts and high tourism 
density [21].  

 

Figure 1  
 
The rise of machine learning (ML) has revolutionized predictive analytics in tourism and 

hospitality. Techniques such as ensemble learning [26], deep learning [22], and robust regression 
[3] have been successfully applied to price prediction in real estate and hotel industries. For 
instance, Smith and Lee [16] demonstrated the superiority of gradient-boosted trees in hotel price 
forecasting, while Garcia et al. [17] emphasized geospatial factors in urban accommodation 
pricing. Despite these advancements, hostel pricing remains underexplored, particularly in 
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contexts requiring granular feature engineering [18] and adaptive modeling to address fluctuating 
demand [20]. 

This study bridges this gap by developing a tailored ML model to predict hostel prices in 
Tokyo, Kyoto, and Osaka. Drawing inspiration from optimization frameworks in control 
systems—such as genetic algorithms [2] and particle swarm optimization (PSO) [7]—we adapt 
these methodologies to enhance model accuracy and robustness. Additionally, fractional-order 
control strategies [9,12], traditionally used in engineering systems, inform our approach to 
handling nonlinear price dynamics and uncertainties in tourism data [13]. 

1.2 Data source 

Our dataset, sourced from Kaggle [25], includes detailed features such as hostel locations, 
ratings, amenities, and seasonal pricing variations. Kaggle datasets have gained prominence in 
tourism research for their accessibility and comprehensiveness [25], though challenges like 
missing values and outliers necessitate robust preprocessing [3,18]. 

 
Figure 2 

Key features influencing hostel pricing include: 
1. Geospatial Factors: Proximity to transit hubs and tourist attractions, as analyzed in urban 

tourism studies [17]. 
2. Amenities: Services like free Wi-Fi and breakfast, which significantly impact traveler 

preferences [24]. 
3. Temporal Trends: Seasonal demand fluctuations, aligning with findings in revenue 

management [27]. 
4. Online Reputation: Review scores and booking platform visibility, critical in the digital 

age [19]. 
To model these factors, we evaluate multiple ML algorithms, including random forests, 

support vector regression (SVR), and neural networks, building on comparative analyses by Wang 
and Kim [23]. Hyperparameter tuning leverages PSO [7], a metaheuristic proven effective in 
engineering controls [9], to optimize model performance. Furthermore, fractional-order PID 
controllers [8,11] inspire our handling of delayed feedback in pricing data, ensuring adaptability 
to real-time demand shifts. 
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Figure 3 

1.3 Contributions and Significance 

This study offers three key contributions: 
1. Comprehensive Feature Analysis: Expanding on Nguyen and Chen’s work [19], we 

quantify the impact of online reviews on hostel pricing. 
2. Adaptive Modeling: Integrating control theory principles [2,7,9] into ML workflows to 

address dynamic pricing challenges. 
3. Practical Tool for Stakeholders: A user-friendly prediction model aiding travelers and 

hostel operators in budget planning and revenue management. 
By synthesizing methodologies from control systems [11,13] and ML [16,22], this work 

advances interdisciplinary research in tourism analytics. Future extensions could incorporate real-
time data streams and federated learning frameworks to enhance scalability [22]. 

 

Figure 4  

Chapter 2 Methods 

2.1 Description of data 
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2.1.1 Overview of dataset 

The original dataset is shown in Figure 4. The dataset contains 342 samples.  
The respond variable is hostel’s minimum price for 1-night stay. 
The explanatory variables are show as below: 

§ Distance 

§ Atmosphere 

§ Cleanliness 

§ Facilities 

§ Location 

§ Security 

§ Staff 

§ 2 indicators (Tokyo, Osaka, Kyoto). 
 

We divide these explanatory variables into three categories. The first category is the distance. 
The distance represents the distance between the hostel and the center of the city. The second 
category of the explanatory variable is the rating score from customers. The rating scores include 
atmosphere, cleanliness, facilities, location, security, staff. The last category of the explanatory 
variable is indicator. There are 2 indicators because we have three cities in the dataset (Tokyo, 
Osaka, Kyoto). 

2.1.2 Data processing 

After we got dataset, we used the following method to process the data: 

§ Delete useless characters: 
An example of the useless characters are shown in Figure 5. In this case, we deleted characters 

in the red box. 

 

Figure 5 

§ Delete incomplete samples: 
An example of incomplete sample in dataset is shown in Figure 6. We deleted all the samples 

that contain the incomplete data (in the red box). 



Course Technical Report 

6 

 

 
Figure 6 

§ Standardization: 
Since later we will introduce high-order terms in our prediction model. In order to reduce 

multi-collinearity issue, we use standardization to process the data. 
 

2.2 Preliminary exploratory analyses 

In this project, we first consider a first order linear model, which is composed of the first 
order terms of nine predictor variables. The first order model is presented as follows. 

Price ∼ Distance + atmosphere + cleanliness + facilities + location + security + staff			
+ x! + 𝑥" 

where x! and x" are two indicator variables to represent the three cities in the categorical 
variable.  Based on this first order linear model, the residual plots can be given in Figure 7. It is 
quite obvious from the residual plots that the quadratic pattern exist for the first four predictor 
variables. 

 

Figure 7. Residual plots for the first order linear regression model. 
Since the quadratic pattern is clearly observed from the residual plots, it is necessary to check 

the sources which contributes to this quadratic pattern. First, we suspect that the quadratic pattern 
is created by the outlier data points out of the range of the data kernel. After the deletion of those 
outliers in the original data set, the residual plots are generated again, in which the quadratic 
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pattern still exists. Therefore, it is straightforward to add the quadratic term of the first four 
predictor variables and raise the linear regression model to second order. The new regression 
formula is given by 
Price ∼ Distance + Distance" + 	atmosphere + atmosphere" + cleanliness + cleanliness"

+ facilities + facilities" + location + security + staff + x! + 𝑥" 

2.3 Check model assumptions 

Even though the second order linear regression model eliminate the quadratic patter in the 
scatter plot, this model still needs to be diagnosed to check the assumptions on the error terms. In 
the standard linear regression model, the error terms are assumed to be independently identically 
distributed with normal distribution	𝑁(0, 𝜎"). From Figure 7, it is easily to see that the error terms 
do not have constant variance, since the distribution of the data points is not approximately 
symmetrical to the zero horizontal line. 

Besides that, the probability plot and the Brown-Forsythe test are given in Figure 8 and Figure 
9. It can be implied from these plots and arguments that the error terms are not normally 
distributed and the error terms do not have constant variance. 

 

Figure 8. Probability plot for the second order model. 

 
Figure 9. Brown-Forsythe test for the second order model. 
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The diagnostic of the second order linear model shows that the necessity to take measures to 
remedy the non-normality and the non-constant variance issues caused by the error terms. Our 
first step is to apply the transformation techniques on the response variable	Price, since the non-
constancy of the variance may be resolved after the transformation. The Box-Cox transformation 
is adopted. Since 𝜆 = 0	is	in	the	confidence	interval  in Figure 10, we choose to take log 
transform first to see the result. 

 
Figure 10. Box-Cox transformation. 

 

 

Figure 11. The probability for the transformed model. 

2.4 Model building process 
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In previous study, we find transform Y can fix normality issue, but we still don’t have 
constant variance. Based on what we’ve learned, we choose to apply weighted regression to build 
a proper model. 

2.4.1 Weighted linear regression 

• Model predictor selection 
Since the model selection method is majorly based on unweighted model, we choose to select 

predictors for this case. After that, we can use selected predictors for the weighted case. 
We first consider model without interaction term. Since the predictor size is small, we can try 
both stepwise (based on PRESS, since we want to predict the hostel price) and best subset 
(based on AIC by default). It gives us: 

ln(𝑃𝑟𝑖𝑐𝑒)~𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑐𝑙𝑖𝑒𝑎𝑛𝑙𝑖𝑛𝑒𝑠𝑠 + 𝑠𝑡𝑎𝑓𝑓 + 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒" + 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠" + 𝑥1 + 𝑥2	
Then we also want to model the different effect of predictors for different city, so we added 

22 interaction terms and applied stepwise function (too many predictors for best subset) to find 
the predictors for the regression. 

ln(𝑃𝑟𝑖𝑐𝑒)~𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑐𝑙𝑖𝑒𝑎𝑛𝑙𝑖𝑛𝑒𝑠𝑠 + 𝑠𝑡𝑎𝑓𝑓 + 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒" + 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠" + 𝑥1 + 𝑥2
+ 𝑥2:𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑥2: 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒" 

• Weight function selection 
After selecting the predictors, one last thing we need to consider is how we model the weight 

function. For this purpose, we plot the residual vs. predictors to see the pattern of the residual. 

   

  

Figure 12 Residual vs. predictors 
Base on the residual pattern, we choose to fit the standard deviation 𝜎# = 𝑋#𝛾. The weight 

would be w$ = 1/𝜎# 	. 
After selecting predictor as well as weight function, we can start building this weighted linear 

regression model. 

2.4.2 Weighted ridge regression 
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In weighted ridge regression, we pick all the predictors as well as two interaction terms we 
selected in the previous terms to build our model. 

We use GCV to choose a suitable 𝜆, and apply weighted ridge regression to build another 
model. 

Chapter 3 Results 

3.1 Weighted linear regression 

3.1.1 Final model 

In chapter 2, the way we select predictors is stepwise, which is mainly trying to find the 
smallest AIC model. 

 
Figure 13 Result of stepwise function 

We’ve decided how to choose predictors and weight function, we can fit the model. 
ln(𝑃𝑟𝑖𝑐𝑒)~𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑐𝑙𝑖𝑒𝑎𝑛𝑙𝑖𝑛𝑒𝑠𝑠 + 𝑠𝑡𝑎𝑓𝑓 + 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒" + 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑖𝑒𝑠" + 𝑥1 + 𝑥2

+ 𝑥2:𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 + 𝑥2: 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒" 
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Figure 14 Comparison between weighted and unweighted model 

We can see that the weighted regression has almost same coefficient as the unweighted one 
which also support that we can select predictors based on the unweighted linear regression model. 

3.1.2 Simple analysis of the model 

• Normality 
Since we use different predictors as the initial model, we can recheck on our normality issue. 

 

Figure 15 Q-Q plot for weighted linear regression 
Besides, Shapiro-Wilk normality test also gives a p-value = 0.3665 which shows the residual 

is normal. 

• Residual 
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Figure 16 Residual vs. fitted values for weighted linear regression 
We can see that the mean value of residual is fairly close to zero which is nice. 

• Outliers and influential points 

 
Figure 17 Influence plot of the weighted model 

From the figure, we can see that no absolute value of studentized residual is larger than 

𝑞𝑡 W1 − %
"
, 	𝑛 − 1 − 𝑝Z = 3.81 which means we don’t have outliers in Y. 

But we do have some outliers in X and some influential point which may effects the model 
selection step. 

In order to check the influence of them, we exclude 289, 130 data, the initial residual plot still 
support us to include higher order terms and the result is similar. 

3.2 Weighted ridge regression 

In weighted ridge regression [4], we picked the following predictors: 
● Distance, atmosphere, cleanliness, facilities, location, security, staff 
● Distance2 , atmosphere2, cleanliness2, facilities2 
● X1 + X2 
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● X2:Distance + X2:Distance 
The lambda is chosen from 0 to 20 with step size 0.01.  
We obtained the following output for the model selection.  

• Modified HKB estimator is 6.976383 

• Modified L-W estimator is 41.48205  

• Smallest value of GCV at 4.41 
As the prediction is needed for our work, we pick the best lambda 4.41 based on GCV. 

Chapter 4 Discussion 

4.1 Model comparison 

5-fold cross validation is applied to compare the models. The details are shown in table 1. 
Table1. Results of cross validation for two models 

Model Mean Absolute Error 

Weighted Linear Regression 0.22 

Weighted Ridge Regression 0.25 

 
As shown in the cross-validation table, MAE of weighted linear regression is close but 

slightly lower than that of the weighted ridge regression. Given that the weighted linear regression 
contains fewer predictors, we prefer the weighted linear regression to the weighted ridge 
regression.  

4.2 Conclusion 

The coefficients of the selected model are shown as below with the box-cox transformation 
formula 𝑌& = 𝑒'. 
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From the model coefficients, we could see different ratings have similar effects on three 
different cities. (cleanliness, facilities, staff, etc.) And distance has similar effect on Tokyo, Osaka, 
however, the influence of distance is different in Kyoto. 
 
The first impression the coefficient of cleanliness suggests the negativity relationship of 

cleanliness and the response variable in the model which might be against the intuition. It indeed 
is positive related to the response variable after the backwards transformation of the response 
variable. 
 

For influential points, we also tried remove the influential points, however, new influential 
points emerged, and the result of model selection remains same. In terms of this situation, we 
decided not to remove the influential points. Future research for regression analysis could resort 
to fractional calculus [1]-[3], which is a novel tool for extracting intermediate or transient 
behaviors of two consecutive integer-order regression models. The combination of fractional 
calculus has been found widely applied in engineering and technology domains [5]-[17]. 
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Chapter 6 Appendix A: Code 

— Appendix A should provide a complete, organized R program that generates all of the plots, 
diagnostics, models, and outputs referenced in the report. It should be sufficiently commented to 
make it easy to find relevant parts of the code. 
 
 
```{r setup, include=FALSE} 
knitr::opts_chunk$set(echo = TRUE) 
``` 
 
Read and rearrange the data 
```{r, warning=FALSE} 
library(stringr) # install stringr for number extraction 
 
hostel <- read.csv('/Users/sgch/Desktop/STAT 512/Project/Hostel.csv', header=T) 
hostel <- subset(hostel, select = -c(1,2,6,7,14,15,16)) # remove old index column, and hostel 
name column 
hostel <- na.omit(hostel) # remove rows that contain one or more NAs 
 
# rapply(hostel, function(x) length(unique(x))) # number of unique values in each column 
# table(hostel$City) # city count  
hostel <- subset(hostel, City %in% c('Kyoto', 'Osaka', 'Tokyo') ) # get hostels from 'Kyoto', 
'Osaka', 'Tokyo' 
hostel$X1 <- hostel$City == "Osaka"; 
hostel$X2 <- hostel$City == "Kyoto"; 
 
# distance: extract distance from string and convert it from str type to int 
# e.g. 5.9km from city centre -> 5.9 
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hostel[3] <- rapply(hostel[3], function(x) as.numeric( sub("km from city centre", "", x)) ) 
 
rownames(hostel) <- 1:nrow(hostel) # reindex 
#hostel 
 
colnames(hostel) <- c("City", "Price", "Distance", "atmosphere", "cleanliness", "facilities", 
"location", "security", "staff", "X1", "X2") 
hostel <- hostel[,c("Price", "Distance", "atmosphere", "cleanliness", "facilities", "location", 
"security", "staff", "X1", "X2", "City")] 
hostel <- subset(hostel, select = -c(11)) 
 
 
# Standardize variables 
for (i in 2:8){ 
  hostel[,i] = (hostel[,i]-mean(hostel[,i]))/sd(hostel[,i]) 
} 
``` 
 
Remove outliers and fit the model 
Pre plot and check the issues 
```{r} 
# plot(hostel) 
# cor(hostel[,1:8]) 
hostel.mod <- lm(Price~., hostel) 
 
summary(hostel.mod) 
``` 
 
 
 
Simply dignostic nonlinear, constant variance and normal variance issues. 
```{r} 
# residual plot 
library(car) 
residualPlots(hostel.mod, smooth = FALSE) 
``` 
```{r} 
# Add higher order terms 
hostel1.mod <- 
lm(Price~Distance+I(Distance^2)+atmosphere+I(atmosphere^2)+cleanliness+I(cleanliness^2)+f
acilities+I(facilities^2)+location+security+staff+X1+X2,hostel) 
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summary(hostel1.mod) 
``` 
```{r} 
# resid = residuals(hostel1.mod) 
#  
# # Constant variance 
# library(onewaytests) 
# hostel$Group <- cut(hostel$Price,2) 
# hostel$residual <- hostel1.mod$residuals 
# bf.test(residual~Group, hostel) 
#  
# # Normality 
# shapiro.test(resid) 
# qqnorm(resid) 
# qqline(resid) 
``` 
 
 
 
```{r} 
# Transform Y 
library(MASS) 
bcmle <- boxcox(hostel1.mod, lambda=seq(-3,3,by=0.01)) 
lambda <- bcmle$x[which.max(bcmle$y)] 
hostel2 = hostel; 
hostel2$Distance2 = hostel$Distance^2 
hostel2$atmosphere2 = hostel$atmosphere^2 
hostel2$cleanliness2 = hostel$cleanliness^2 
hostel2$facilities2 = hostel$facilities^2 
 
hostel2$Price = hostel$Price^lambda; 
hostel2.mod <- 
lm(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilities+fa
cilities2+location+security+staff+X1+X2,hostel2); 
summary(hostel2.mod) 
lambda 
``` 
 
```{r} 
resid = residuals(hostel2.mod) 
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# Constant variance 
library(onewaytests) 
hostel2$Group <- cut(hostel2$Price,2) 
hostel2$residual <- hostel2.mod$residuals 
bf.test(residual~Group, hostel2) 
hostel2 <- subset(hostel2, select = -c(15,16)) 
# Normality 
shapiro.test(resid) 
qqnorm(resid) 
qqline(resid) 
``` 
 
Model selection 
Assume indicator only effect intercept 
```{r} 
library(stats) 
step(lm(Price~1,data = hostel2), scope=~ 
Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilities+facilities2+l
ocation+security+staff+X1+X2, method = "both") 
``` 
```{r} 
library(ALSM) 
library(leaps) 
BestSub(hostel2[,2:14], hostel2$Price, num = 1) 
``` 
Based on the stepwise as well as PRESSp from bestsub method, we choose the model with 7 
different parameters which includes 2 different indicators. 
stepwise - Get a better model 
BestSub - Get smallest PRESSp for prediction 
 
 
Pay more attention to indicator terms 
Add more terms to consider the effect of indicator 
```{r} 
step(lm(Price~1,data = hostel2), scope=~ 
Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilities+facilities2+l
ocation+security+staff+X1+X2+X1*Distance+X1*Distance2+X1*atmosphere+X1*atmosphere
2+X1*cleanliness+X1*cleanliness2+X1*facilities+X1*facilities2+X1*location+X1*security+X
1*staff+X2*Distance+X2*Distance2+X2*atmosphere+X2*atmosphere2+X2*cleanliness+X2*c
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leanliness2+X2*facilities+X2*facilities2+X2*location+X2*security+X2*staff, method = 
"both") 
 
ori.mod=lm(formula = Price ~ X2 + cleanliness + facilities2 + X1 + Distance +  
    Distance2 + facilities + staff + X2:Distance + X2:Distance2,  
    data = hostel2) 
 
``` 
 
 
 
 
Since we solve the normality issue, we can use weighted regression to deal with the unconstant 
variance issue. 
```{r} 
hostel3.mod <- 
lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2*Distanc
e2,hostel2); 
summary(hostel3.mod) 
resid = residuals(hostel3.mod) 
 
wts1 <- 
1/fitted(lm(abs(resid)~hostel2$Distance+hostel2$Distance2+hostel2$cleanliness+hostel2$facilit
ies2+hostel2$staff+hostel2$X1+hostel2$X2+hostel2$X2*hostel2$Distance+hostel2$X2*hostel
2$Distance2))^2 
hostel.weight<-
lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2*Distanc
e2, data = hostel2, weights = wts1) 
summary(hostel.weight) 
``` 
You can consider whether we can drop variable Staff?  
** T value for weighted regression doesn't make sense. 
 
Also we can analysis the multicolinearity issue based on VIF here, to show why we can drop 
other variables, they are trival or have linear relationship with other variables. 
 
 
Influential point & Outliers 
```{r} 
alpha = 0.05 
p = 9 
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n = 296  
qt(1-alpha/2/n,n-1-p) 
library(car) 
influencePlot(hostel.weight) 
plot(hostel.weight,pch = 18, col = "red", which = c(4)) 
plot(hostel.weight,pch = 18,which = c(1)) 
hostel.unweight<-
lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2*Distanc
e2, data = hostel2) 
plot(hostel.unweight,pch = 18,which = c(1)) 
# axis(side=1,at=seq(0.195,0.235,0.005),lwd=3) 
#plot(ori.mod) 
``` 
No outliers in Y, some outliers in X. Can apply another window to cancel the influence of 
outerlier x. 
```{r} 
resid = residuals(hostel.weight) 
 
 
# Normality 
shapiro.test(resid) 
qqnorm(resid) 
qqline(resid) 
``` 
```{r} 
library(fmsb) 
VIF(lm(staff~Distance+Distance2+cleanliness+facilities2+X2+X1+X2:Distance+X2:Distance2, 
data = hostel2)) 
``` 
 
 
 
Directly apply rigid regression  (Ignore multicollinearity issue) 
```{r} 
library(MASS) 
library(car) 
library(leaps) 
library(caret) 
library(ggplot2) 
library(lmridge) 
# For prediction, chosse lambda 
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mod <- 
lmridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+faciliti
es+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,hostel2, lambda = 
seq(0,20,0.01)) 
resid = residuals(mod) 
 
#mod1 = 
lm.ridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilit
ies+facilities2+location+security+staff+X1+X2+X1*Distance+X1*Distance2+X1*atmosphere+
X1*atmosphere2+X1*cleanliness+X1*cleanliness2+X1*facilities+X1*facilities2+X1*location+
X1*security+X1*staff+X2*Distance+X2*Distance2+X2*atmosphere+X2*atmosphere2+X2*cl
eanliness+X2*cleanliness2+X2*facilities+X2*facilities2+X2*location+X2*security+X2*staff,h
ostel2, lambda = seq(0,20,0.01), weights = wts2) 
wts2 =  
1/fitted(lm(abs(resid)~hostel2$Distance+hostel2$Distance2+hostel2$atmosphere+hostel2$atmo
sphere2+hostel2$cleanliness+hostel2$cleanliness2+hostel2$facilities+hostel2$facilities2+hostel
2$location+hostel2$security+hostel2$staff+hostel2$X1+hostel2$X2+hostel2$X2:hostel2$Dista
nce+hostel2$X2:hostel2$Distance2,data = hostel2))^2 
mod1 <- 
lm.ridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilit
ies+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,hostel2, lambda = 
seq(0,20,0.01), weights = wts2) 
plot(mod1) 
select(mod1) 
# mod2 <- 
lmridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+faciliti
es+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,data=as.data.frame
(hostel2), k = seq(0,20,0.01), weights = wts2) 
#  
# plot(mod2) 
# vif(mod2) 
summary(mod1) 
 
# Can compare the result with rigid regression and selected model. I don't know how to plot and 
compare them. 
 
 
train.control<-trainControl(method="cv", number=5) 
set.seed(1) 
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step.model1<-
train(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2*Dista
nce2, data=hostel2, method="leapBackward", 
tuneGrid=data.frame(nvmax=15), trControl=train.control, weights=wts1) 
 
step.model1$results 
 
 
 
# mod2 <- 
lm.ridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilit
ies+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,hostel2, lambda = 
4.41, weights = wts2) 
#  
# mod2$coef 
 
# residuals(mod2) 
 
``` 
 
 
 
 
```{r} 
# library('MXM') 
# hostel2_m = data.matrix(hostel2) 
# #hostel2_m = hostel2_m[1:270,] 
# step.model2 = ridgereg.cv(hostel2_m[,1], hostel2_m, K = 10, lambda = seq(0, 10, by = 0.1)) 
# step.model2 
set.seed(1) 
step.model2<-
train(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facilities+
facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2, data=hostel2, 
method="ridge", trControl=train.control, weights = wts2, tuneGrid=data.frame(lambda=4.41)) 
 
step.model2$results 
``` 
 

Chapter 7 Appendix B: Output 
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Read and rearrange the data 

library(stringr) # install stringr for number extraction 

 

hostel <- read.csv('data/Hostel2.csv', header=T) 

hostel <- subset(hostel, select = -c(1,2,6,7,14,15,16)) # remove old index column, and hostel n

ame column 

hostel <- na.omit(hostel) # remove rows that contain one or more NAs 

 

# rapply(hostel, function(x) length(unique(x))) # number of unique values in each column 

# table(hostel$City) # city count  

hostel <- subset(hostel, City %in% c('Kyoto', 'Osaka', 'Tokyo') ) # get hostels from 'Kyoto', '

Osaka', 'Tokyo' 

hostel$X1 <- hostel$City == "Osaka"; 

hostel$X2 <- hostel$City == "Kyoto"; 

 

# distance: extract distance from string and convert it from str type to int 

# e.g. 5.9km from city centre -> 5.9 

hostel[3] <- rapply(hostel[3], function(x) as.numeric( sub("km from city centre", "", x)) ) 

 

rownames(hostel) <- 1:nrow(hostel) # reindex 

#hostel 

 

colnames(hostel) <- c("City", "Price", "Distance", "atmosphere", "cleanliness", "facilities", 

"location", "security", "staff", "X1", "X2") 

hostel <- hostel[,c("Price", "Distance", "atmosphere", "cleanliness", "facilities", "location

", "security", "staff", "X1", "X2", "City")] 

hostel <- subset(hostel, select = -c(11)) 

 

 

# Standardize variables 

for (i in 2:8){ 

  hostel[,i] = (hostel[,i]-mean(hostel[,i]))/sd(hostel[,i]) 

} 

Remove outliers and fit the model Pre plot and check the issues 

# plot(hostel) 

# cor(hostel[,1:8]) 

hostel.mod <- lm(Price~., hostel) 

 

summary(hostel.mod) 
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##  

## Call: 

## lm(formula = Price ~ ., data = hostel) 

##  

## Residuals: 

##     Min      1Q  Median      3Q     Max  

## -1431.6  -570.2  -150.5   414.9  4748.5  

##  

## Coefficients: 

##             Estimate Std. Error t value Pr(>|t|)     

## (Intercept)  2791.66      78.79  35.430  < 2e-16 *** 

## Distance     -166.17      58.08  -2.861  0.00453 **  

## atmosphere     80.96      73.82   1.097  0.27370     

## cleanliness   165.82      87.36   1.898  0.05869 .   

## facilities   -110.32      99.62  -1.107  0.26906     

## location      -13.31      60.28  -0.221  0.82538     

## security       29.19      71.52   0.408  0.68347     

## staff          11.71      79.52   0.147  0.88307     

## X1TRUE       -383.79     115.60  -3.320  0.00102 **  

## X2TRUE       -720.11     139.19  -5.174 4.33e-07 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 811.9 on 286 degrees of freedom 

## Multiple R-squared:  0.1122, Adjusted R-squared:  0.0843  

## F-statistic: 4.018 on 9 and 286 DF,  p-value: 7.414e-05 

Simply dignostic nonlinear, constant variance and normal variance issues. 

# residual plot 

library(car) 

## Loading required package: carData 

residualPlots(hostel.mod, smooth = FALSE) 
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##             Test stat Pr(>|Test stat|)     

## Distance       3.5601        0.0004343 *** 

## atmosphere     1.6598        0.0980645 .   

## cleanliness    2.6198        0.0092700 **  

## facilities     3.1158        0.0020215 **  

## location       1.1324        0.2584109     

## security       0.4847        0.6282890     

## staff          1.2545        0.2106899     

## Tukey test     3.7478        0.0001784 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

# Add higher order terms 

hostel1.mod <- lm(Price~Distance+I(Distance^2)+atmosphere+I(atmosphere^2)+cleanliness+I(cleanl

iness^2)+facilities+I(facilities^2)+location+security+staff+X1+X2,hostel) 

 

summary(hostel1.mod) 

##  

## Call: 

## lm(formula = Price ~ Distance + I(Distance^2) + atmosphere +  

##     I(atmosphere^2) + cleanliness + I(cleanliness^2) + facilities +  

##     I(facilities^2) + location + security + staff + X1 + X2,  

##     data = hostel) 

##  

## Residuals: 

##     Min      1Q  Median      3Q     Max  

## -1386.7  -507.9  -113.9   370.0  4431.8  
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##  

## Coefficients: 

##                  Estimate Std. Error t value Pr(>|t|)     

## (Intercept)       2781.72      81.70  34.047  < 2e-16 *** 

## Distance          -412.35      89.16  -4.625 5.72e-06 *** 

## I(Distance^2)       73.60      21.98   3.348 0.000924 *** 

## atmosphere          52.66      93.30   0.564 0.572906     

## I(atmosphere^2)    -18.56      34.36  -0.540 0.589583     

## cleanliness        258.04     122.34   2.109 0.035812 *   

## I(cleanliness^2)    38.31      40.89   0.937 0.349645     

## facilities          11.04     116.16   0.095 0.924355     

## I(facilities^2)     59.13      33.50   1.765 0.078693 .   

## location           -35.80      60.04  -0.596 0.551424     

## security           -39.53      73.82  -0.536 0.592712     

## staff               91.19      81.53   1.119 0.264300     

## X1TRUE            -546.68     121.05  -4.516 9.26e-06 *** 

## X2TRUE           -1070.62     161.56  -6.627 1.74e-10 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 787.4 on 282 degrees of freedom 

## Multiple R-squared:  0.1766, Adjusted R-squared:  0.1386  

## F-statistic: 4.652 on 13 and 282 DF,  p-value: 2.884e-07 

# resid = residuals(hostel1.mod) 

#  

# # Constant variance 

# library(onewaytests) 

# hostel$Group <- cut(hostel$Price,2) 

# hostel$residual <- hostel1.mod$residuals 

# bf.test(residual~Group, hostel) 

#  

# # Normality 

# shapiro.test(resid) 

# qqnorm(resid) 

# qqline(resid) 

# Transform Y 

library(MASS) 

bcmle <- boxcox(hostel1.mod, lambda=seq(-3,3,by=0.01)) 
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lambda <- bcmle$x[which.max(bcmle$y)] 

hostel2 = hostel; 

hostel2$Distance2 = hostel$Distance^2 

hostel2$atmosphere2 = hostel$atmosphere^2 

hostel2$cleanliness2 = hostel$cleanliness^2 

hostel2$facilities2 = hostel$facilities^2 

 

hostel2$Price = hostel$Price^lambda; 

hostel2.mod <- lm(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+fac

ilities+facilities2+location+security+staff+X1+X2,hostel2); 

summary(hostel2.mod) 

##  

## Call: 

## lm(formula = Price ~ Distance + Distance2 + atmosphere + atmosphere2 +  

##     cleanliness + cleanliness2 + facilities + facilities2 + location +  

##     security + staff + X1 + X2, data = hostel2) 

##  

## Residuals: 

##       Min        1Q    Median        3Q       Max  

## -0.038959 -0.007798  0.000074  0.007945  0.036827  

##  

## Coefficients: 

##                Estimate Std. Error t value Pr(>|t|)     

## (Intercept)   2.076e-01  1.262e-03 164.488  < 2e-16 *** 

## Distance      5.849e-03  1.377e-03   4.246 2.95e-05 *** 

## Distance2    -1.086e-03  3.396e-04  -3.197  0.00155 **  

## atmosphere   -5.039e-04  1.441e-03  -0.350  0.72688     
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## atmosphere2   3.301e-04  5.308e-04   0.622  0.53459     

## cleanliness  -4.634e-03  1.890e-03  -2.452  0.01481 *   

## cleanliness2 -7.428e-04  6.317e-04  -1.176  0.24065     

## facilities    2.155e-04  1.794e-03   0.120  0.90448     

## facilities2  -1.009e-03  5.176e-04  -1.949  0.05226 .   

## location      2.377e-04  9.275e-04   0.256  0.79791     

## security      5.517e-05  1.140e-03   0.048  0.96145     

## staff        -1.652e-03  1.259e-03  -1.311  0.19081     

## X1TRUE        7.967e-03  1.870e-03   4.261 2.78e-05 *** 

## X2TRUE        1.671e-02  2.496e-03   6.694 1.17e-10 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 0.01216 on 282 degrees of freedom 

## Multiple R-squared:  0.1912, Adjusted R-squared:  0.1539  

## F-statistic: 5.128 on 13 and 282 DF,  p-value: 3.5e-08 

lambda 

## [1] -0.2 

resid = residuals(hostel2.mod) 

 

# Constant variance 

library(onewaytests) 

hostel2$Group <- cut(hostel2$Price,2) 

hostel2$residual <- hostel2.mod$residuals 

bf.test(residual~Group, hostel2) 

##  

##   Brown-Forsythe Test  

## ---------------------------------------------------------  

##   data : residual and Group  

##  

##   statistic  : 368.1816  

##   num df     : 1  

##   denom df   : 293.0368  

##   p.value    : 1.026002e-53  

##  

##   Result     : Difference is statistically significant.  

## --------------------------------------------------------- 
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hostel2 <- subset(hostel2, select = -c(15,16)) 

# Normality 

shapiro.test(resid) 

##  

##  Shapiro-Wilk normality test 

##  

## data:  resid 

## W = 0.99755, p-value = 0.9393 

qqnorm(resid) 

qqline(resid) 

 

Model selection Assume indicator only effect intercept 

library(stats) 

step(lm(Price~1,data = hostel2), scope=~ Distance+Distance2+atmosphere+atmosphere2+cleanliness

+cleanliness2+facilities+facilities2+location+security+staff+X1+X2, method = "both") 

## Step:  AIC=-2606.14 

## Price ~ X2 + cleanliness + facilities2 + X1 + Distance + Distance2 +  

##     staff 

##  

##                Df Sum of Sq      RSS     AIC 

## <none>                      0.042079 -2606.1 

## + cleanliness2  1 0.0001567 0.041922 -2605.2 

## + atmosphere    1 0.0001260 0.041953 -2605.0 

## + atmosphere2   1 0.0000520 0.042027 -2604.5 
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## + facilities    1 0.0000334 0.042045 -2604.4 

## - staff         1 0.0005566 0.042635 -2604.2 

## + security      1 0.0000072 0.042072 -2604.2 

## + location      1 0.0000002 0.042079 -2604.1 

## - Distance2     1 0.0015275 0.043606 -2597.6 

## - cleanliness   1 0.0017399 0.043819 -2596.1 

## - facilities2   1 0.0019927 0.044071 -2594.4 

## - X1            1 0.0028132 0.044892 -2589.0 

## - Distance      1 0.0028827 0.044961 -2588.5 

## - X2            1 0.0067067 0.048785 -2564.4 

##  

## Call: 

## lm(formula = Price ~ X2 + cleanliness + facilities2 + X1 + Distance +  

##     Distance2 + staff, data = hostel2) 

##  

## Coefficients: 

## (Intercept)       X2TRUE  cleanliness  facilities2       X1TRUE   

##    0.207458     0.016511    -0.003590    -0.001231     0.007950   

##    Distance    Distance2        staff   

##    0.005660    -0.001068    -0.001880 

library(ALSM) 

## Loading required package: leaps 

## Loading required package: SuppDists 

library(leaps) 

BestSub(hostel2[,2:14], hostel2$Price, num = 1) 

##     p 1 2 3 4 5 6 7 8 9 A B C D       SSEp         r2     r2.adj        Cp 

## 1   2 0 0 0 0 0 0 0 0 1 0 0 0 0 0.04982295 0.03425374 0.03096889 44.723945 

## 2   3 0 0 1 0 0 0 0 0 1 0 0 0 0 0.04802296 0.06914407 0.06279010 34.558835 

## 3   4 0 0 1 0 0 0 0 0 1 0 0 0 1 0.04642466 0.10012480 0.09087951 25.756873 

## 4   5 0 0 1 0 0 0 0 1 1 0 0 0 1 0.04534102 0.12112964 0.10904895 20.433177 

## 5   6 1 0 1 0 0 0 0 1 1 1 0 0 0 0.04416931 0.14384156 0.12908021 14.514278 

## 6   7 1 0 1 0 0 0 0 1 1 1 0 0 1 0.04263535 0.17357503 0.15641742  6.147195 

## 7   8 1 0 1 0 0 0 1 1 1 1 0 0 1 0.04207872 0.18436458 0.16454011  4.385234 

## 8   9 1 0 1 0 0 0 1 1 1 1 0 1 1 0.04192203 0.18740174 0.16475092  5.326277 

## 9  10 1 0 1 0 0 0 1 1 1 1 1 1 1 0.04175528 0.19063393 0.16516437  6.199318 

## 10 11 1 1 1 0 0 0 1 1 1 1 1 1 1 0.04174123 0.19090633 0.16251708  8.104341 

## 11 12 1 1 1 0 1 0 1 1 1 1 1 1 1 0.04172889 0.19114556 0.15981669 10.020931 

## 12 13 1 1 1 1 1 0 1 1 1 1 1 1 1 0.04172614 0.19119888 0.15690342 12.002340 
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## 13 14 1 1 1 1 1 1 1 1 1 1 1 1 1 0.04172579 0.19120559 0.15392074 14.000000 

##         AICp      SBCp     PRESSp 

## 1  -2568.133 -2560.752 0.05052031 

## 2  -2577.025 -2565.954 0.04905521 

## 3  -2585.044 -2570.283 0.04750546 

## 4  -2590.035 -2571.583 0.04667443 

## 5  -2595.785 -2573.643 0.04604290 

## 6  -2604.248 -2578.415 0.04442347 

## 7  -2606.137 -2576.615 0.04428261 

## 8  -2605.242 -2572.029 0.04489697 

## 9  -2604.421 -2567.518 0.04476490 

## 10 -2602.521 -2561.927 0.04515738 

## 11 -2600.609 -2556.324 0.04560945 

## 12 -2598.628 -2550.653 0.04598606 

## 13 -2596.631 -2544.966 0.04631850 

Based on the stepwise as well as PRESSp from bestsub method, we choose the model with 7 different parameters 

which includes 2 different indicators. stepwise - Get a better model BestSub - Get smallest PRESSp for prediction 

Pay more attention to indicator terms Add more terms to consider the effect of indicator 

step(lm(Price~1,data = hostel2), scope=~ Distance+Distance2+atmosphere+atmosphere2+cleanliness

+cleanliness2+facilities+facilities2+location+security+staff+X1+X2+X1*Distance+X1*Distance2+X

1*atmosphere+X1*atmosphere2+X1*cleanliness+X1*cleanliness2+X1*facilities+X1*facilities2+X1*lo

cation+X1*security+X1*staff+X2*Distance+X2*Distance2+X2*atmosphere+X2*atmosphere2+X2*cleanlin

ess+X2*cleanliness2+X2*facilities+X2*facilities2+X2*location+X2*security+X2*staff, method = "b

oth") 

## Start:  AIC=-2559.82 

## Step:  AIC=-2622.98 

## Price ~ X2 + cleanliness + facilities2 + X1 + Distance + Distance2 +  

##     staff + X2:Distance + X2:Distance2 

##  

##                  Df Sum of Sq      RSS     AIC 

## <none>                        0.039217 -2623.0 

## + facilities      1 0.0001836 0.039034 -2622.4 

## + cleanliness:X2  1 0.0001666 0.039051 -2622.2 

## + cleanliness2    1 0.0001599 0.039058 -2622.2 

## + atmosphere      1 0.0001407 0.039077 -2622.1 

## + atmosphere2     1 0.0001053 0.039112 -2621.8 

## + facilities2:X2  1 0.0000908 0.039127 -2621.7 

## + staff:X2        1 0.0000868 0.039131 -2621.6 

## + security        1 0.0000459 0.039172 -2621.3 
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## + facilities2:X1  1 0.0000356 0.039182 -2621.2 

## + staff:X1        1 0.0000320 0.039185 -2621.2 

## + location        1 0.0000193 0.039198 -2621.1 

## + Distance:X1     1 0.0000083 0.039209 -2621.0 

## + Distance2:X1    1 0.0000068 0.039211 -2621.0 

## + cleanliness:X1  1 0.0000044 0.039213 -2621.0 

## - staff           1 0.0007577 0.039975 -2619.3 

## - cleanliness     1 0.0016485 0.040866 -2612.8 

## - X2:Distance2    1 0.0019758 0.041193 -2610.4 

## - facilities2     1 0.0022344 0.041452 -2608.6 

## - X2:Distance     1 0.0028603 0.042078 -2604.1 

## - X1              1 0.0038828 0.043100 -2597.0 

##  

## Call: 

## lm(formula = Price ~ X2 + cleanliness + facilities2 + X1 + Distance +  

##     Distance2 + staff + X2:Distance + X2:Distance2, data = hostel2) 

##  

## Coefficients: 

##      (Intercept)            X2TRUE       cleanliness       facilities2   

##         0.206693          0.004911         -0.003495         -0.001306   

##           X1TRUE          Distance         Distance2             staff   

##         0.009519          0.008210         -0.001565         -0.002200   

##  X2TRUE:Distance  X2TRUE:Distance2   

##        -0.015195          0.003373 

ori.mod=lm(formula = Price ~ X2 + cleanliness + facilities2 + X1 + Distance +  

    Distance2 + facilities + staff + X2:Distance + X2:Distance2,  

    data = hostel2) 

Since we solve the normality issue, we can use weighted regression to deal with the unconstant variance issue. 

hostel3.mod <- lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2*

Distance2,hostel2); 

summary(hostel3.mod) 

##  

## Call: 

## lm(formula = Price ~ Distance + Distance2 + cleanliness + facilities2 +  

##     staff + X1 + X2 + X2 * Distance + X2 * Distance2, data = hostel2) 

##  

## Residuals: 

##       Min        1Q    Median        3Q       Max  
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## -0.037853 -0.007953 -0.000240  0.007738  0.032541  

##  

## Coefficients: 

##                    Estimate Std. Error t value Pr(>|t|)     

## (Intercept)       0.2066934  0.0011918 173.430  < 2e-16 *** 

## Distance          0.0082096  0.0013582   6.044 4.67e-09 *** 

## Distance2        -0.0015651  0.0003475  -4.503 9.75e-06 *** 

## cleanliness      -0.0034954  0.0010081  -3.467 0.000606 *** 

## facilities2      -0.0013059  0.0003235  -4.037 6.97e-05 *** 

## staff            -0.0021999  0.0009359  -2.351 0.019419 *   

## X1TRUE            0.0095186  0.0017888   5.321 2.08e-07 *** 

## X2TRUE            0.0049115  0.0035237   1.394 0.164452     

## Distance:X2TRUE  -0.0151950  0.0033270  -4.567 7.35e-06 *** 

## Distance2:X2TRUE  0.0033726  0.0008885   3.796 0.000180 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 0.01171 on 286 degrees of freedom 

## Multiple R-squared:  0.2398, Adjusted R-squared:  0.2159  

## F-statistic: 10.03 on 9 and 286 DF,  p-value: 2.167e-13 

resid = residuals(hostel3.mod) 

 

wts1 <- 1/fitted(lm(abs(resid)~hostel2$Distance+hostel2$Distance2+hostel2$cleanliness+hostel2

$facilities2+hostel2$staff+hostel2$X1+hostel2$X2+hostel2$X2*hostel2$Distance+hostel2$X2*hoste

l2$Distance2))^2 

hostel.weight<-lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X2

*Distance2, data = hostel2, weights = wts1) 

summary(hostel.weight) 

##  

## Call: 

## lm(formula = Price ~ Distance + Distance2 + cleanliness + facilities2 +  

##     staff + X1 + X2 + X2 * Distance + X2 * Distance2, data = hostel2,  

##     weights = wts1) 

##  

## Weighted Residuals: 

##     Min      1Q  Median      3Q     Max  

## -4.2134 -0.8881 -0.0249  0.8474  3.3048  

##  

## Coefficients: 

##                    Estimate Std. Error t value Pr(>|t|)     
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## (Intercept)       0.2067789  0.0011500 179.803  < 2e-16 *** 

## Distance          0.0079569  0.0012951   6.144 2.69e-09 *** 

## Distance2        -0.0014987  0.0003033  -4.941 1.33e-06 *** 

## cleanliness      -0.0036837  0.0010287  -3.581 0.000402 *** 

## facilities2      -0.0012715  0.0002867  -4.435 1.32e-05 *** 

## staff            -0.0019466  0.0009023  -2.157 0.031815 *   

## X1TRUE            0.0093362  0.0017346   5.382 1.53e-07 *** 

## X2TRUE            0.0034972  0.0027138   1.289 0.198547     

## Distance:X2TRUE  -0.0160599  0.0026425  -6.078 3.89e-09 *** 

## Distance2:X2TRUE  0.0036200  0.0006059   5.975 6.83e-09 *** 

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## Residual standard error: 1.264 on 286 degrees of freedom 

## Multiple R-squared:  0.3198, Adjusted R-squared:  0.2983  

## F-statistic: 14.94 on 9 and 286 DF,  p-value: < 2.2e-16 

You can consider whether we can drop variable Staff? ** T value for weighted regression doesn’t make sense. 

Also we can analysis the multicolinearity issue based on VIF here, to show why we can drop other variables, they 

are trival or have linear relationship with other variables. 

Influential point & Outliers 

alpha = 0.05 

p = 9 

n = 296  

qt(1-alpha/2/n,n-1-p) 

## [1] 3.811871 

library(car) 

influencePlot(hostel.weight) 
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##       StudRes        Hat       CookD 

## 100 -2.907301 0.02467940  0.02084470 

## 130  1.325264 0.80773903  0.73593180 

## 182 -3.418714 0.01416258  0.01618562 

## 289  0.377428 0.99974425 55.85297206 

plot(hostel.weight,pch = 18, col = "red", which = c(4)) 

 
plot(hostel.weight,pch = 18,which = c(1)) 
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hostel.unweight<-lm(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+

X2*Distance2, data = hostel2) 

plot(hostel.unweight,pch = 18,which = c(1)) 

 

No outliers in Y, some outliers in X. Can apply another window to cancel the influence of outerlier x. 

resid = residuals(hostel.weight) 

 

 

# Normality 

shapiro.test(resid) 

##  

##  Shapiro-Wilk normality test 

##  
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## data:  resid 

## W = 0.99826, p-value = 0.9907 

qqnorm(resid) 

qqline(resid) 

 
library(fmsb) 

VIF(lm(staff~Distance+Distance2+cleanliness+facilities2+X2+X1+X2:Distance+X2:Distance2, data =

 hostel2)) 

## [1] 1.884215 

Directly apply rigid regression (Ignore multicollinearity issue) 

library(MASS) 

library(car) 

library(leaps) 

library(caret) 

## Loading required package: lattice 

##  

## Attaching package: 'lattice' 

## The following object is masked from 'package:ALSM': 

##  

##     oneway 

## Loading required package: ggplot2 

library(ggplot2) 

library(lmridge) 
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##  

## Attaching package: 'lmridge' 

## The following object is masked from 'package:car': 

##  

##     vif 

# For prediction, chosse lambda 

mod <- lmridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+facili

ties+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,hostel2, lambda = seq

(0,20,0.01)) 

resid = residuals(mod) 

 

wts2 =  1/fitted(lm(abs(resid)~hostel2$Distance+hostel2$Distance2+hostel2$atmosphere+hostel2$a

tmosphere2+hostel2$cleanliness+hostel2$cleanliness2+hostel2$facilities+hostel2$facilities2+ho

stel2$location+hostel2$security+hostel2$staff+hostel2$X1+hostel2$X2+hostel2$X2:hostel2$Distan

ce+hostel2$X2:hostel2$Distance2,data = hostel2))^2 

mod1 <- lm.ridge(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+faci

lities+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2,hostel2, lambda = se

q(0,20,0.01), weights = wts2) 

plot(mod1) 

 
select(mod1) 

## modified HKB estimator is 6.976383  

## modified L-W estimator is 41.48205  

## smallest value of GCV  at 4.41 

summary(mod1) 
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##        Length Class  Mode    

## coef   30015  -none- numeric 

## scales    15  -none- numeric 

## Inter      1  -none- numeric 

## lambda  2001  -none- numeric 

## ym         1  -none- numeric 

## xm        15  -none- numeric 

## GCV     2001  -none- numeric 

## kHKB       1  -none- numeric 

## kLW        1  -none- numeric 

 

train.control<-trainControl(method="cv", number=5) 

set.seed(1) 

step.model1<-train(Price~Distance+Distance2+cleanliness+facilities2+staff+X1+X2+X2*Distance+X

2*Distance2, data=hostel2, method="leapBackward", 

tuneGrid=data.frame(nvmax=15), trControl=train.control, weights=wts1) 

 

step.model1$results 

##   nvmax      RMSE  Rsquared         MAE       RMSESD RsquaredSD 

## 1    15 0.0119834 0.1895096 0.009611793 0.0004054488 0.08933626 

##          MAESD 

## 1 0.0004403936 

 

set.seed(1) 

step.model2<-train(Price~Distance+Distance2+atmosphere+atmosphere2+cleanliness+cleanliness2+f

acilities+facilities2+location+security+staff+X1+X2+X2*Distance+X2*Distance2, data=hostel2, me

thod="ridge", trControl=train.control, weights = wts2, tuneGrid=data.frame(lambda=4.41)) 

 

step.model2$results 

##   lambda       RMSE   Rsquared        MAE       RMSESD RsquaredSD 

## 1   4.41 0.01351856 0.05510238 0.01071577 0.0005667828 0.04291188 

##          MAESD 

## 1 0.0003764873 

 


