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concrete Concrete Slump Test Data

Description

This dataset contains measurements related to the slump test of concrete, including input variables
(concrete ingredients) and output variables (slump, flow, and compressive strength).

Usage

data(concrete)

Format

A data frame with 103 rows and 11 columns.

V1 Amount of cement (kg in one M^3 concrete).

V2 Amount of slag (kg in one M^3 concrete).

V3 Amount of fly ash (kg in one M^3 concrete).

V4 Amount of water (kg in one M^3 concrete).

V5 Amount of superplasticizer (kg in one M^3 concrete).

V6 Amount of coarse aggregate (kg in one M^3 concrete).

V7 Amount of fine aggregate (kg in one M^3 concrete).

V8 Slump of the concrete (cm).

V9 Flow of the concrete (cm).

V10 28-day compressive strength of the concrete (MPa).

V11 Additional variable (if applicable).
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Details

The dataset includes 7 input variables (concrete ingredients) and 3 output variables (slump, flow,
and compressive strength). The initial dataset had 78 data points, with an additional 25 data points
added later.

Note

The dataset assumes that all measurements are accurate and does not account for measurement
errors. The slump flow of concrete is influenced by multiple factors, including water content and
other ingredients.

Source

Donor: I-Cheng Yeh \ Email: icyeh ’at’ chu.edu.tw \ Institution: Department of Information Man-
agement, Chung-Hua University (Republic of China) \ Other contact information: Department of
Information Management, Chung-Hua University, Hsin Chu, Taiwan 30067, R.O.C.

Examples

# Load the dataset
data(concrete)

# Print the first few rows of the dataset
print(head(concrete))

FanPC_TFM Apply the FanPC method to the Truncated factor model

Description

This function performs Factor Analysis via Principal Component (FanPC) on a given data set. It
calculates the estimated factor loading matrix (AF), specific variance matrix (DF), and the mean
squared errors.

Usage

FanPC_TFM(data, m, A, D, p)

Arguments

data A matrix of input data.

m The number of principal components.

A The true factor loadings matrix.

D The true uniquenesses matrix.

p The number of variables.
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Value

A list containing:

AF Estimated factor loadings.

DF Estimated uniquenesses.

MSESigmaA Mean squared error for factor loadings.

MSESigmaD Mean squared error for uniquenesses.

LSigmaA Loss metric for factor loadings.

LSigmaD Loss metric for uniquenesses.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
trnor <- relliptical(n*p,0,1)
epsilon=matrix(trnor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- FanPC_TFM(data, m, A, D, p)
print(results)

## End(Not run)

GulPC_TFM Apply the GulPC method to the Truncated factor model

Description

This function performs General Unilateral Loading Principal Component (GulPC) analysis on a
given data set. It calculates the estimated values for the first layer and second layer loadings, specific
variances, and the mean squared errors.

Usage

GulPC_TFM(data, m, A, D)
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Arguments

data A matrix of input data.

m The number of principal components.

A The true factor loadings matrix.

D The true uniquenesses matrix.

Value

A list containing:

AU1 The first layer loading matrix.

AU2 The second layer loading matrix.

DU3 The estimated specific variance matrix.

MSESigmaD Mean squared error for uniquenesses.

LSigmaD Loss metric for uniquenesses.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
trnor <- relliptical(n*p,0,1)
epsilon=matrix(trnor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- GulPC_TFM(data, m, A, D)
print(results)
## End(Not run)

IPC_TFM Incremental Principal Component Analysis

Description

This function performs Incremental Principal Component Analysis (IPC) on the provided data. It
updates the estimated factor loadings and uniquenesses as new data points are processed, calculating
mean squared errors and loss metrics for comparison with true values.
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Usage

IPC_TFM(x, m, A, D, p)

Arguments

x The data used in the IPC analysis.

m The number of common factors.

A The true factor loadings matrix.

D The true uniquenesses matrix.

p The number of variables.

Value

A list of metrics including:

Ai Estimated factor loadings updated during the IPC analysis, a matrix of estimated
factor loadings.

Di Estimated uniquenesses updated during the IPC analysis, a vector of estimated
uniquenesses corresponding to each variable.

MSESigmaA Mean squared error of the estimated factor loadings (Ai) compared to the true
loadings (A).

MSESigmaD Mean squared error of the estimated uniquenesses (Di) compared to the true
uniquenesses (D).

LSigmaA Loss metric for the estimated factor loadings (Ai), indicating the relative error
compared to the true loadings (A).

LSigmaD Loss metric for the estimated uniquenesses (Di), indicating the relative error
compared to the true uniquenesses (D).

Examples

library(MASS)
library(relliptical)
library(SOPC)

IPC_MSESigmaA = c()
IPC_MSESigmaD = c()
IPC_LSigmaA = c()
IPC_LSigmaD = c()

p = 10
m = 5

n = 2000
mu = t(matrix(rep(runif(p, 0, 1000), n), p, n))
mu0 = as.matrix(runif(m, 0))
sigma0 = diag(runif(m, 1))
F = matrix(mvrnorm(n, mu0, sigma0), nrow = n)
A = matrix(runif(p * m, -1, 1), nrow = p)
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lower = c(rep(-0.5, p - 3), -5, -5, -Inf)
upper = c(rep(0.5, p - 3), 5, 5, Inf)
Sigma = as.matrix(diag(rep(runif(p, 0, 1))))
mut = runif(p, 0, 10)
trnor = rtelliptical(n, mut, Sigma, lower, upper, dist = "Normal")
epsilon = matrix(trnor, nrow = n)

D = Sigma
data = mu + F %*% t(A) + epsilon

Z = data.frame(IPC_TFM(data, m = m, A = A, D = D, p = p))[c(3, 4, 5, 6),]
IPC_MSESigmaA = Z[1]
IPC_MSESigmaD = Z[2]
IPC_LSigmaA = Z[3]
IPC_LSigmaD = Z[4]

data_M = data.frame(n = n, MSEA = IPC_MSESigmaA, MSED = IPC_MSESigmaD,
LSA = IPC_LSigmaA, LSD = IPC_LSigmaD)

print(data_M)

OPC_TFM Apply the OPC method to the Truncated factor model

Description

This function computes Online Principal Component Analysis (OPC) for the provided input data,
estimating factor loadings and uniquenesses. It calculates mean squared errors and sparsity for the
estimated values compared to true values.

Usage

OPC_TFM(data, m = m, A, D, p)

Arguments

data A matrix of input data.

m The number of principal components.

A The true factor loadings matrix.

D The true uniquenesses matrix.

p The number of variables.
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Value

A list containing:

Ao Estimated factor loadings.

Do Estimated uniquenesses.

MSEA Mean squared error for factor loadings.

MSED Mean squared error for uniquenesses.

tau The sparsity.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
trnor <- relliptical(n*p,0,1)
epsilon=matrix(trnor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- OPC_TFM(data, m, A, D, p)
print(results)
## End(Not run)

PC1_TFM Apply the PC method to the Truncated factor model

Description

This function performs Principal Component Analysis (PCA) on a given data set to reduce dimen-
sionality. It calculates the estimated values for the loadings, specific variances, and the covariance
matrix.

Usage

PC1_TFM(data, m, A, D)
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Arguments

data The total data set to be analyzed.

m The number of principal components to retain in the analysis.

A The true factor loadings matrix.

D The true uniquenesses matrix.

Value

A list containing:

A1 Estimated factor loadings.

D1 Estimated uniquenesses.

MSESigmaA Mean squared error for factor loadings.

MSESigmaD Mean squared error for uniquenesses.

LSigmaA Loss metric for factor loadings.

LSigmaD Loss metric for uniquenesses.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
trnor <- relliptical(n*p,0,1)
epsilon=matrix(trnor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- PC1_TFM(data, m, A, D)
print(results)
## End(Not run)

PC2_TFM Apply the PC method to the Truncated factor model

Description

This function performs Principal Component Analysis (PCA) on a given data set to reduce dimen-
sionality. It calculates the estimated values for the loadings, specific variances, and the covariance
matrix.
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Usage

PC2_TFM(data, m, A, D)

Arguments

data The total data set to be analyzed.

m The number of principal components to retain in the analysis.

A The true factor loadings matrix.

D The true uniquenesses matrix.

Value

A list containing:

A2 Estimated factor loadings.

D2 Estimated uniquenesses.

MSESigmaA Mean squared error for factor loadings.

MSESigmaD Mean squared error for uniquenesses.

LSigmaA Loss metric for factor loadings.

LSigmaD Loss metric for uniquenesses.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
lanor <- rlaplace(n*p,0,1)
epsilon=matrix(lanor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- PC2_TFM(data, m, A, D)
print(results)
## End(Not run)
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PPC1_TFM Projected Principal Component Analysis

Description

This function computes Projected Principal Component Analysis (PPC) for the provided input data,
estimating factor loadings and uniquenesses. It calculates mean squared errors and loss metrics for
the estimated values compared to true values.

Usage

PPC1_TFM(x, m, A, D, p)

Arguments

x A matrix of input data.

m The number of principal components to extract (integer).

A The true factor loadings matrix (matrix).

D The true uniquenesses matrix (matrix).

p The number of variables (integer).

Value

A list containing:

Ap Estimated factor loadings.

Dp Estimated uniquenesses.

MSESigmaA Mean squared error for factor loadings.

MSESigmaD Mean squared error for uniquenesses.

LSigmaA Loss metric for factor loadings.

LSigmaD Loss metric for uniquenesses.

Examples

library(MASS)
library(relliptical)
library(SOPC)

PPC_MSESigmaA <- c()
PPC_MSESigmaD <- c()
PPC_LSigmaA <- c()
PPC_LSigmaD <- c()

p <- 10
m <- 5
n <- 2000
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mu <- t(matrix(rep(runif(p, 0, 1000), n), p, n))
mu0 <- as.matrix(runif(m, 0))
sigma0 <- diag(runif(m, 1))
F <- matrix(mvrnorm(n, mu0, sigma0), nrow = n)
A <- matrix(runif(p * m, -1, 1), nrow = p)

lower <- c(rep(-0.5, p - 3), -5, -5, -Inf)
upper <- c(rep(0.5, p - 3), 5, 5, Inf)
Sigma <- diag(runif(p, 0, 1))
mut <- runif(p, 0, 10)

trnor <- rtelliptical(n, mut, Sigma, lower, upper, dist = "Normal")
epsilon <- matrix(trnor, nrow = n)
D <- Sigma

data <- mu + F %*% t(A) + epsilon

result <- PPC1_TFM(data, m, A, D, p)

data_G <- data.frame(n = n,
MSEA = result$MSESigmaA,
MSED = result$MSESigmaD,
LSA = result$LSigmaA,
LSD = result$LSigmaD)

print(data_G)

PPC2_TFM Apply the PPC method to the Truncated factor model

Description

This function performs Projected Principal Component Analysis (PPC) on a given data set to re-
duce dimensionality. It calculates the estimated values for the loadings, specific variances, and the
covariance matrix.

Usage

PPC2_TFM(data, m, A, D)

Arguments

data The total data set to be analyzed.

m The number of principal components.

A The true factor loadings matrix.

D The true uniquenesses matrix.
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Value

A list containing:

Ap2 Estimated factor loadings.

Dp2 Estimated uniquenesses.

MSESigmaA Mean squared error for factor loadings.

MSESigmaD Mean squared error for uniquenesses.

LSigmaA Loss metric for factor loadings.

LSigmaD Loss metric for uniquenesses.

Examples

## Not run:
library(SOPC)
library(relliptical)
library(MASS)
n=1000
p=10
m=5
mu=t(matrix(rep(runif(p,0,1000),n),p,n))
mu0=as.matrix(runif(m,0))
sigma0=diag(runif(m,1))
F=matrix(mvrnorm(n,mu0,sigma0),nrow=n)
A=matrix(runif(p*m,-1,1),nrow=p)
trnor <- relliptical(n*p,0,1)
epsilon=matrix(trnor,nrow=n)
D=diag(t(epsilon)%*%epsilon)
data=mu+F%*%t(A)+epsilon
results <- PPC2_TFM(data, m, A, D)
print(results)

## End(Not run)

protein Protein Secondary Structure Data

Description

This dataset contains protein sequences and their corresponding secondary structures, including
beta-sheets (E), helices (H), and coils (_).

Usage

data(protein)
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Format

A data frame with multiple rows and 2 columns representing protein sequences and their secondary
structures.

V1 Amino acid sequence (using 3-letter codes).

V2 Secondary structure of the protein (E for beta-sheet, H for helix, _ for coil).

Details

The dataset is used for predicting protein secondary structures from amino acid sequences. The first
few numbers in each sequence are parameters for neural networks and should be ignored. The ’<’
symbol is used as a spacer between proteins and to mark the beginning and end of sequences.

Note

The biophysical constants included in the dataset were found to be unhelpful and are generally
ignored in analysis.

Source

Vince G. Sigillito, Applied Physics Laboratory, Johns Hopkins University.

Examples

# Load the dataset
data(protein)

# Print the first few rows of the dataset
print(head(protein))

review Review

Description

This dataset contains travel reviews from TripAdvisor.com, covering destinations in 11 categories
across East Asia. Each traveler’s rating is mapped to a scale from Terrible (0) to Excellent (4), and
the average rating for each category per user is provided.

Usage

data(review)
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Format

A data frame with multiple rows and 11 columns.

V1 Unique identifier for each user (Categorical).

V2 Average user feedback on art galleries.

V3 Average user feedback on dance clubs.

V4 Average user feedback on juice bars.

V5 Average user feedback on restaurants.

V6 Average user feedback on museums.

V7 Average user feedback on resorts.

V8 Average user feedback on parks and picnic spots.

V9 Average user feedback on beaches.

V10 Average user feedback on theaters.

V11 Average user feedback on religious institutions.

Details

The dataset is populated by crawling TripAdvisor.com and includes reviews on destinations in 11
categories across East Asia. Each traveler’s rating is mapped as follows: Excellent (4), Very Good
(3), Average (2), Poor (1), and Terrible (0). The average rating for each category per user is used.

Note

This dataset is licensed under a Creative Commons Attribution 4.0 International (CC BY 4.0) li-
cense, which allows for sharing and adaptation of the data for any purpose, provided that appropriate
credit is given.

Source

UCI Machine Learning Repository

Examples

# Load the dataset
data(review)

# Print the first few rows of the dataset
print(head(review))
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riboflavin Riboflavin Production Data

Description

This dataset contains measurements of riboflavin (vitamin B2) production by Bacillus subtilis, a
Gram-positive bacterium commonly used in industrial fermentation processes. The dataset includes
n = 71 observations with p = 4088 predictors, representing the logarithm of the expression levels
of 4088 genes. The response variable is the log-transformed riboflavin production rate.

Usage

data(riboflavin)

Format

y Log-transformed riboflavin production rate (original name: q_RIBFLV). This is a continuous vari-
able indicating the efficiency of riboflavin production by the bacterial strain.

x A matrix of dimension 71×4088 containing the logarithm of the expression levels of 4088 genes.
Each column corresponds to a gene, and each row corresponds to an observation (experimental
condition or time point).

Details

The riboflavin dataset is a high-dimensional dataset commonly used in statistical research, partic-
ularly in the fields of bioinformatics and systems biology. It was originally collected to study the
genetic regulation of riboflavin biosynthesis in Bacillus subtilis. The data were generated using
DNA microarray technology to measure gene expression levels under various experimental condi-
tions.

Note

The dataset is provided by DSM Nutritional Products Ltd., a leading company in the field of nu-
tritional ingredients. The data have been preprocessed and normalized to account for technical
variations in the microarray measurements.

Source

DSM Nutritional Products Ltd., Basel, Switzerland.

Examples

# Load the riboflavin dataset
data(riboflavin)

# Display the dimensions of the dataset
print(dim(riboflavin$x))
print(length(riboflavin$y))
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riboflavinv100 Riboflavin Production Data (Top 100 Genes)

Description

This dataset is a subset of the riboflavin production data by Bacillus subtilis, containing n = 71
observations. It includes the response variable (log-transformed riboflavin production rate) and the
100 genes with the largest empirical variances from the original dataset.

Usage

data(riboflavinv100)

Format

y Log-transformed riboflavin production rate (original name: q_RIBFLV). This is a continuous vari-
able indicating the efficiency of riboflavin production by the bacterial strain.

x A matrix of dimension 71 × 100 containing the logarithm of the expression levels of the 100
genes with the largest empirical variances.

Details

This dataset is derived from the original riboflavin dataset, which contains 4088 gene expressions.
The riboflavinV100 dataset is created for ease of reproduction in examples and contains only the
100 genes with the largest empirical variances. It is commonly used in statistical research for high-
dimensional data analysis.

Note

The dataset is provided by DSM Nutritional Products Ltd., a leading company in the field of nutri-
tional ingredients. The data have been preprocessed and normalized.

Source

DSM Nutritional Products Ltd., Basel, Switzerland.

Examples

# Load the riboflavinv100 dataset
data(riboflavinv100)

# Display the dimensions of the dataset
print(dim(riboflavinv100$x))
print(length(riboflavinv100$y))
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SAPC_TFM Stochastic Approximation Principal Component Analysis

Description

This function calculates several metrics for the SAPC method, including the estimated factor load-
ings and uniquenesses, and various error metrics comparing the estimated matrices with the true
matrices.

Usage

SAPC_TFM(x, m, A, D, p)

Arguments

x The data used in the SAPC analysis.

m The number of common factors.

A The true factor loadings matrix.

D The true uniquenesses matrix.

p The number of variables.

Value

A list of metrics including:

Asa Estimated factor loadings matrix obtained from the SAPC analysis.

Dsa Estimated uniquenesses vector obtained from the SAPC analysis.

MSESigmaA Mean squared error of the estimated factor loadings (Asa) compared to the true
loadings (A).

MSESigmaD Mean squared error of the estimated uniquenesses (Dsa) compared to the true
uniquenesses (D).

LSigmaA Loss metric for the estimated factor loadings (Asa), indicating the relative error
compared to the true loadings (A).

LSigmaD Loss metric for the estimated uniquenesses (Dsa), indicating the relative error
compared to the true uniquenesses (D).

Examples

library(MASS)
library(relliptical)
library(SOPC)

SAPC_MSESigmaA <- c()
SAPC_MSESigmaD <- c()
SAPC_LSigmaA <- c()
SAPC_LSigmaD <- c()
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p <- 10
m <- 5
n <- 2000

mu <- t(matrix(rep(runif(p, 0, 1000), n), p, n))
mu0 <- as.matrix(runif(m, 0))
sigma0 <- diag(runif(m, 1))
F <- matrix(mvrnorm(n, mu0, sigma0), nrow = n)
A <- matrix(runif(p * m, -1, 1), nrow = p)

lower <- c(rep(-0.5, p - 3), -5, -5, -Inf)
upper <- c(rep(0.5, p - 3), 5, 5, Inf)
Sigma <- diag(runif(p, 0, 1))
mut <- runif(p, 0, 10)
trnor <- rtelliptical(n, mut, Sigma, lower, upper, dist = "Normal")
epsilon <- matrix(trnor, nrow = n)
D <- Sigma

data <- mu + F %*% t(A) + epsilon

result <- SAPC_TFM(data, m = m, A = A, D = D, p = p)

SAPC_MSESigmaA <- result$MSESigmaA
SAPC_MSESigmaD <- result$MSESigmaD
SAPC_LSigmaA <- result$LSigmaA
SAPC_LSigmaD <- result$LSigmaD

data_K <- data.frame(
n = n,
MSEA = SAPC_MSESigmaA,
MSED = SAPC_MSESigmaD,
LSA = SAPC_LSigmaA,
LSD = SAPC_LSigmaD

)

print(data_K)

SOPC_TFM Sparse Online Principal Component Analysis

Description

This function calculates various metrics for the Sparse Online Principal Component Analysis (SOPC)
method. It estimates the factor loadings and uniquenesses while calculating mean squared errors
and loss metrics for comparison with true values. Additionally, it computes the proportion of zero
factor loadings in the estimated loadings matrix.

Usage

SOPC_TFM(data, m, p, gamma, eta, A, D)
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Arguments

data The data used in the SOPC analysis.

m the number of common factors

p the number of variables

gamma Tuning parameter for the sparseness of the loadings matrix.

eta Tuning parameter for the sparseness of the uniquenesses matrix.

A The true A matrix.

D The true D matrix.

Value

A list of metrics including:

Aso Estimated factor loadings matrix obtained from the SOPC analysis.

Dso Estimated uniquenesses vector obtained from the SOPC analysis.

MSEA Mean squared error of the estimated factor loadings (Aso) compared to the true
loadings (A).

MSED Mean squared error of the estimated uniquenesses (Dso) compared to the true
uniquenesses (D).

LSA Loss metric for the estimated factor loadings (Aso), indicating the relative error
compared to the true loadings (A).

LSD Loss metric for the estimated uniquenesses (Dso), indicating the relative error
compared to the true uniquenesses (D).

tauA Proportion of zero factor loadings in the estimated loadings matrix (Aso), indi-
cating the sparsity of the loadings.

Examples

library(MASS)
library(relliptical)
library(SOPC)

SOPC_MSEA <- c()
SOPC_MSED <- c()
SOPC_LSA <- c()
SOPC_LSD <- c()
SOPC_TAUA <- c()

p = 10; m = 5
n = 2000 # Set n to 2000
mu = t(matrix(rep(runif(p, 0, 1000), n), p, n))
mu0 = as.matrix(runif(m, 0))
sigma0 = diag(runif(m, 1))
F = matrix(mvrnorm(n, mu0, sigma0), nrow = n)
A = matrix(runif(p * m, -1, 1), nrow = p)

# Sampling from the Truncated Normal distribution
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lower = c(rep(-0.5, p - 3), -5, -5, -Inf)
upper = c(rep(0.5, p - 3), 5, 5, Inf)
Sigma = as.matrix(diag(rep(runif(p, 0, 1))))
mut = runif(p, 0, 10)
trnor = rtelliptical(n, mut, Sigma, lower, upper, dist = "Normal")
epsilon = matrix(trnor, nrow = n)
D = Sigma

data = mu + F %*% t(A) + epsilon

Z = data.frame(SOPC_TFM(data, m = m, p = p, gamma = 0.1, eta = 0.8, A = A, D = D))
SOPC_MSEA = c(SOPC_MSEA, Z$MSEA)
SOPC_MSED = c(SOPC_MSED, Z$MSED)
SOPC_LSA = c(SOPC_LSA, Z$LSA)
SOPC_LSD = c(SOPC_LSD, Z$LSD)
SOPC_TAUA = c(SOPC_TAUA, Z$tauA)

# Ensure the data frame has the correct column structure, even with one value
data_F = data.frame(n = rep(n, length(SOPC_MSEA)), MSEA = SOPC_MSEA, MSED = SOPC_MSED,
LSA = SOPC_LSA, LSD = SOPC_LSD, tauA = SOPC_TAUA)

data_F

SPC_TFM Sparse Principal Component Analysis

Description

This function performs Sparse Principal Component Analysis (SPC) on the input data. It estimates
factor loadings and uniquenesses while calculating mean squared errors and loss metrics for com-
parison with true values. Additionally, it computes the proportion of zero factor loadings.

Usage

SPC_TFM(data, A, D, m, p)

Arguments

data The data used in the SPC analysis.

A The true factor loadings matrix.

D The true uniquenesses matrix.

m The number of common factors.

p The number of variables.
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Value

A list containing:

As Estimated factor loadings, a matrix of estimated factor loadings from the SPC
analysis.

Ds Estimated uniquenesses, a vector of estimated uniquenesses corresponding to
each variable.

MSESigmaA Mean squared error of the estimated factor loadings (As) compared to the true
loadings (A).

MSESigmaD Mean squared error of the estimated uniquenesses (Ds) compared to the true
uniquenesses (D).

LSigmaA Loss metric for the estimated factor loadings (As), indicating the relative error
compared to the true loadings (A).

LSigmaD Loss metric for the estimated uniquenesses (Ds), indicating the relative error
compared to the true uniquenesses (D).

tau Proportion of zero factor loadings in the estimated loadings matrix (As).

Examples

library(MASS)
library(relliptical)
library(SOPC)

SPC_MSESigmaA <- c()
SPC_MSESigmaD <- c()
SPC_LSigmaA <- c()
SPC_LSigmaD <- c()
SPC_tau <- c()

p <- 10
m <- 5
n <- 2000

mu <- t(matrix(rep(runif(p, 0, 1000), n), p, n))
mu0 <- as.matrix(runif(m, 0))
sigma0 <- diag(runif(m, 1))
F <- matrix(mvrnorm(n, mu0, sigma0), nrow = n)
A <- matrix(runif(p * m, -1, 1), nrow = p)

lower <- c(rep(-0.5, p - 3), -5, -5, -Inf)
upper <- c(rep(0.5, p - 3), 5, 5, Inf)
Sigma <- diag(runif(p, 0, 1))
mut <- runif(p, 0, 10)

trnor <- rtelliptical(n, mut, Sigma, lower, upper, dist = "Normal")
epsilon <- matrix(trnor, nrow = n)
D <- Sigma

data <- mu + F %*% t(A) + epsilon
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result <- SPC_TFM(data, A, D, m, p)

SPC_MSESigmaA <- c(SPC_MSESigmaA, result$MSESigmaA)
SPC_MSESigmaD <- c(SPC_MSESigmaD, result$MSESigmaD)
SPC_LSigmaA <- c(SPC_LSigmaA, result$LSigmaA)
SPC_LSigmaD <- c(SPC_LSigmaD, result$LSigmaD)
SPC_tau <- c(SPC_tau, result$tau)

data_G <- data.frame(n = n,
MSEA = SPC_MSESigmaA,
MSED = SPC_MSESigmaD,
LSA = SPC_LSigmaA,
LSD = SPC_LSigmaD,
tau = SPC_tau)

print(data_G)

TFM The TFM function is to generate Truncated factor model data.

Description

The TFM function generates truncated factor model data supporting various distribution types for
related analyses using multiple methods.

Usage

TFM(n, mu, sigma, lower, upper, distribution_type)

Arguments

n Total number of observations.

mu The mean of the distribution.

sigma The parameter of the distribution.

lower The lower bound of the interval.

upper The upper bound of the interval.
distribution_type

String specifying the distribution type to use.

Value

A list containing:

X A matrix of generated truncated factor model data based on the specified distri-
bution type. Each row corresponds to an observation, and each column corre-
sponds to a variable.
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Examples

library(relliptical)
set.seed(123)
mu <- c(0, 1)
n <- 100
sigma <- matrix(c(1, 0.70, 0.70, 3), 2, 2)
lower <- c(-2, -3)
upper <- c(3, 3)
distribution_type <- "truncated_normal"
X <- TFM(n, mu, sigma, lower, upper, distribution_type)

ttest.TFM T-test for Truncated Factor Model

Description

This function performs a simple t-test for each variable in the dataset of a truncated factor model
and calculates the False Discovery Rate (FDR) and power.

Usage

ttest.TFM(X, p, alpha = 0.05)

Arguments

X A matrix or data frame of simulated or observed data from a truncated factor
model.

p The number of variables (columns) in the dataset.

alpha The significance level for the t-test.

Value

A list containing:

FDR The False Discovery Rate calculated from the rejected hypotheses.

Power The power of the test, representing the proportion of true positives among the
non-zero hypotheses.

pValues A numeric vector of p-values obtained from the t-tests for each variable.

RejectedHypotheses

A logical vector indicating which hypotheses were rejected based on the speci-
fied significance level.
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Examples

# Load necessary libraries
library(MASS)
library(mvtnorm)

set.seed(100)
# Set parameters for the simulation
p <- 400 # Number of features
n <- 120 # Number of samples
K <- 5 # Number of latent factors
true_non_zero <- 100 # Assume 100 features have non-zero means

# Simulate factor loadings matrix B (p x K)
B <- matrix(rnorm(p * K), nrow = p, ncol = K)

# Simulate factor scores (n x K)
FX <- MASS::mvrnorm(n, rep(0, K), diag(K))

# Simulate noise U (n x p), assuming Student's t-distribution with 3 degrees of freedom
U <- mvtnorm::rmvt(n, df = 3, sigma = diag(p))

# Create the data matrix X based on the truncated factor model
# Non-zero means for the first 100 features
mu <- c(rep(1, true_non_zero), rep(0, p - true_non_zero))
X <- rep(1, n) %*% t(mu) + FX %*% t(B) + U # The observed data

# Apply the t-test function on the data
results <- ttest.TFM(X, p, alpha = 0.05)

# Print the results
print(results)

yacht_hydrodynamics Yacht Hydrodynamics Data

Description

This dataset contains the hydrodynamic characteristics of sailing yachts, including design parame-
ters and performance metrics.

Usage

data(yacht_hydrodynamics)

Format

A data frame with 308 rows and 1 column.

V1 Residuary resistance per unit weight of displacement (performance metric).
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Details

The dataset contains hydrodynamic data for sailing yachts, with the goal of predicting the residuary
resistance from various design parameters.

Note

The dataset is commonly used for regression analysis and machine learning tasks to model the
relationship between design parameters and performance metrics.

Source

UCI Machine Learning Repository

Examples

# Load the dataset
data(yacht_hydrodynamics)

# Print the first few rows of the dataset
print(head(yacht_hydrodynamics))
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