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Introduction

This web application allows to use functional data analysis with the minimum knowledge of theoretical aspects
of functional data analysis.

The application is designed to get a functional data analysis in three different situations depending of the
amount of information the user has:

Case 1. User has only discrete observations of curves z;;. The number of discrete observations must be the
same for all curves. Time points where curves are observed is not important for the analysis.

Case 2. User has discrete observations of curves x;(¢;). The number of discrete observations must be the
same for all curves. Time points where curves are observed are important for the analysis and the same
for each curve t1,to, ..., tm

Case 3. User has discrete observations of curves z;(t;;). The number of discrete observations cannot be the
same for all curves. Time points where curves are observed are important for the analysis and can be
different for each curve ¢;1,ti2, ..., tim,

Step 1: Data uploading

The first step consist of uploading data for our analysis. The uploading-data page allows selecting a name for
our analysis and has available two places for data uploading.

Data uploading

Description

Data:discretized curves

Selectfile

Arguments: sampling points

Selectfile

Description. Write here the description of your analysis
Data: discretized curves. Browse to the folder with the file of discretized curves and select it.

Arguments: sampling points. Browse to the folder with the file of sampling points and select it.
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Depending on the case, the file format may be different.

Case 1. The user has only to upload the file with the discretized curves leaving the sampling points free.
It is important the file format to be correct. The file must be a .csv file separated by commas
with point as decimal character and with no names in rows or columns. Ti is considered that each row
corresponds with the observations of one curve. It is important the number of columns in each
row to be the same. The system returns a warning if it detect a row with less or more columns than
the rest.

-4.65,-5.33,-2.53,1.26,5.79,10.79,15.21,15.28,11.62,7.02,2.95,-1.85
-6.16,-6.18,-1.74,3.62,9.44,14.78,18.38,18.20,13.87,8.49,3.24,-2.99
-5.72,-6.80,-2.94,1.85,7.50,13.14,17.49,17.64,13.31,8.27,3.53,-2.03
-3.22,-3.49,-0.15,4.69,9.34,13.40,16.29,16.60,13.59,9.25,4.90,-0.46
-8.11,-8.26,-3.44,2.32,8.76,14.44,18.29,17.98,13.44,8.03,2.57,-4.15
-15.36,-13.23,-5.82,2.95,10.20,16.00,18.66,17.06,11.95,5.96,-1.16,-11.04
-12.78,-11.28,-4.67,3.29,10.91,16.38,19.05,17.65,12.50,6.46,-0.54,-8.98
-11.82,-10.65,-4.04,3.93,10.79,15.49,17.97,16.69,11.96,6.38,0.00,-8.22

Case 2. The user has to upload the file with the discretized curves and the file with the sampling points. It
is important the file format to be correct. The discretized curves file must have the same format
explained for Case 1. The sampling points file must be a .csv file separated by commas with point as
decimal character with no names in rows or columns and with only one row. It is important the
number of columns of both files to be the same. The system returns a warning if it detect a row
with less or more columns than the rest and if the number of columns of both files is different.

1,2,3,4,5,6,7,8,9,10,11,12

Case 3. The user has to upload the file with the discretized curves and the file with the sampling points. It
is important the files format to be correct. Both files must be .csv files separated by commas with
point as decimal character with no names in rows or columns. It is not necessary the number of
columns of all rows to be the same, but the format of discretized curves file and sampling
points file to be the same. The same row in both files with the same length. The system
returns a warning if it detect differences in both files.

Discretized curves file Sampling points file
-4.65,-5.33,-2.53,1.26,5.79,10.79,15.21,15.28,11.62,7.02 1,2,3,4,5,6,7,8,9,10
-6.16,-6.18,-1.74,3.62,9.44,14.78,18.38,18.20,13.87,8.49,3.24 2,3,4,5,6,7,8,9,10,11,12
-5.72,-6.80,-2.94,1.85,7.50,13.14,17.49,17.64,13.31 2,3,4,5,6,7,8,9,10
-3.22,-3.49,-0.15,4.69,9.34,13.40,16.29,16.60,13.59,9.25 1,2,3,4,6,7,9,10,11,12
-8.11,-8.26,-3.44,2.32,8.76,14.44,18.29,17.98,13.44,8.03,2.57 1,2,3,4,5,6,7,8,9,10,11,12
-15.36,-13.23,-5.82,2.95,10.20,16.00,18.66,17.06,11.95 1,2,4,5,6,7,9,10,12
-12.78,-11.28,-4.67,3.29,10.91,16.38,19.05,17.65 2,3,5,6,7,8,10,11
-11.82,-10.65,-4.04,3.93,10.79,15.49,17.97,16.69,11.96,6.38 2,3,4,5,6,7,8,9,10,11

Step2: functional representation

In the second step, the user can select the names that will appear in X-axis and Y-axis of the different curves
plots that the application shows. This step is very important because user must select the tvoe of basis and
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the dimension to use for the functional data analysis. Two type of basis have been considered: cubic B-spline
and Fourier basis. The user can also select the interval bounds of the curves domain in case the user had
only uploaded the file of discretized curves. Finally the user can select the curve to show in the functional

representation.

Functional representation
My first analisys
Name for X axis Name for Y axis
Typeof basis* Basis dimension*
B-Splines - 4

Observed interval: lower bound Observed interval: upper bound

Chooseacurveindexto draw

1

Once all the fields are completed, the application shows the functional representation for the selected curve.

Functional representation

My farst analisys

Name for X axis Name for ¥ axis

Type of basis" Basis dimension*

Observed interval: lower bound Observed interval: upper bound

Poligonal Fitted curve

The user can change the type of basis, the dimension and the curve to show to see different functional
representations. Once the user decides the optimum functional representation he/she must click the ”Show
analysis” button to get the different functional analysis. All these analysis will be driven with the type of
basis and the dimension selected here.

Analysis provided by the application

The application provide four analysis blocks: functional exploratory analysis, functional principal component
analysis, functional principal component linear regression analysis and functional principal component logit
regression analysis.

Functional exploratory analysis: curves representation

In this section, the application provide a plot of raw data and functional representation, and the matrix of
basis coefficients of all curves.
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Functional representation > my first analisys

Exploratary analysis ¥

8a Curves representation Curves representation

@4 Mean and standard deviation

P Plotofraw data, plotof basis representations and file with the basis coefficients of all curves.

| Bivariate correlation Raw data Smoothed curves

function

Functional principal
componentanalysis(FPCA) €

FPClinear regression < \
. b\

FPClogit regression < W

5 H \

|3 |3

H £

[ e omo [ e omo
o o

Basis coefficients

The user can download both plots and the matrix of basis coefficients in .csv format with columns separated
by comma and with period as decimal point.

Functional exploratory analysis: Mean and standard deviation functions

In this section, the application provide a plot of mean and standard deviation functions, and the vector of
basis coefficients of mean curve.

Functional representation » my first analisys

Exploratory analysis
lbu Curvesrepresentation Mean and standard deviation functions

|8 Mean and standard deviation

Pt — Functional mean and standard deviation obtained as the average and the standard deviation of the sample curves point-wise

across replications, respectively. Confident bounds for the mean are computed pointwise as the mean +/- two times the
18w Bivariate correlation standard deviation
function
Mean standard deviation
Functional principal
componentanalysis (FPCA)

FPClinear regression < & . . -
FPClogit regression <
2 H .

® " 1”2
onthe

<

L—
e p—

f—— "

Basis coefficients of the mean function

The user can download both plots and the vector of basis coefficients in .csv format with columns separated
by comma and with period as decimal point.

Functional exploratory analysis: Bivariate correlation function

In this section, the application provide the surface and contour plots of bivariate correlation function.
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Functional representation > wy first anatisys

Exploratory analysis v
e Curves representation Bivariate correlation function

84 Mean and standard deviation

P The carrelation function summarizes the dependence across different arguments valuesand is given by asurface over the

planeof possible pairs of times and also as aset of level contours.

[ Bivariate correlation
function Surface Countour plot

Functional principal
componentanalysis (FPCA) ¢

FPClinear regression <

FPC logit regression 3

Vorihs

The user can download both plots.

Functional principal component analysis: Explained variances
In this section, the application provide a plot and a table of explained variance.

Functional representation > my first analisys

Exploratory analysis <

Functional principal Explained variances
componentanalysis (FPCA)  ~
ained
| Explained variances Varianc by the principal cs omputed as the sample covariance function.
|8 Principal component curves Graph
HiBiplots and scores Table
HiFPC expansion A
84\ Variance %Exp. % Cum. EXp.
\ Var Var

FPC linear regression <

: . . Comp.1 3.443329¢+01 B84.6 846
FPC logit regression
Comp.2 4.703084e+00 116 96.2
Comp.3 1412099¢+00 3.5 99.7
. Comp4 117631501 0.3 1000
LNy Comp.5 2.711198e02 0.1 1001
N e Comp.6 B8.268286e-05 0.0 100.1
2 a a s .
Gomponents

The user can download plot and table.

Functional principal component analysis: Principal component curves

In this section, the application provide a plot of eigenfunction of the functional principal component analysis
and the perturbation of mean function by this eigenfunction. The user can select the eigenfunction and its
corresponding mean perturbation to show. Every time the user change the eigenfunction to show, the plot
changes. Finally the basis coefficients of eigenfunctions are provided.
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Exploratory analysis <

Functional principal Principal component curves

componentanalysis (FPCA) ¥

Plotof principal compenent curves computed as the eigenfunctions of the sample covariance function and plot of the mean
function and the functions obtained by adding and subtracting a suitable multiple of the principal component curve
(perturbation of the mean).

8w Explained variances

|8 Principal componentcurves

Choose a principal component curve
HiBiplots and scores
1 -

SiFPC expansion
FPC linear regression ¢ PC curve Perturbation of the mean

FPC logit <
B — PC1Eam) PCA function 1 (Percentage of variabilty 84.6)

L ), H
d :
E # .
\ /’ H
3 N -
R R
- -

Basis coefficients of all PC curves

The user can download all plots and the matrix of basis coefficients in .csv format with columns separated
by comma and with period as decimal point.

Functional principal component analysis: Biplots and scores

In this section, the application provide the classical biplot of components. The user can select the components
to show in each axis, so every time the user choose an option the plot changes. Finally the functional principal
components scores are provided.

Functional representation » my first analisys

Exploratory analysis <
Functional principal Biplots and scores
componentanalysis (FPCA) ¥

The scores are the values of the principal component across sample individuals. Biplots draw the scores of the curveson pairs
/8w Explained variances principalcomp ! P P
of principal components,

& Principal component curves X axiscomponent Y axis component

HiBiplots and scores 1 <

EFPC expansion

Biplot

FEClinear regression ¢
& Scores

FPClogit regression <

Companant 2

The user can download all plots and the matrix of scores in .csv format with columns separated by comma
and with period as decimal point.

Functional principal component analysis: Functional representation

In this section, the application provide the representation of curves in terms of a set of functional principal
components. The user can select the curve to show and the number of functional principal components to
use in the representation. Finally the basis coefficients of the represented curves are provided in .csv format.
Every time the user changes the number of components to use, the plot and .csv change. The plot also changes
when it is modified the curve-to-show option.
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Functional representation » my first analisys

Exploratory analysis <

Functional principal FPC expansion

componentanalysis (FPCA)

Representation of acurve in terms of the first selected functional principal components. Basis coefficients of FRC expansion

184 Explained variances
for all curves can be downloaded.

8w Principal component curves curve Number of components

HiBiplots and scores 1 <

E#FPC expansion Expansion

/\

The user can download all plots and the matrix of basis coefficients in .csv format with columns separated
by comma and with period as decimal point.

FPC linear regression <
& Basis coefficients

FPClogit regression <

Functional principal component linear regression: upload scalar response

Functional principal component linear regression needs a scalar response to fit the model (see theory of
functional principal component linear regression).

Functional representation » my first anslisys

Exploratary analysis <

Functional principal FPC linear regression

component analysis (FPCA) ¢

. The functional linear model with scalar response and functional predictor is estimated as a linear regression model for the

FRC linear regression
scalar response on the number of selected principal components.

& Upload newscalar response

Upload scalar response (csv)

FPC logitregression <

Select file

Number of componets

6 4]

The user must upload the file with the response. It is important the file format to be correct. The
file must be a .csv with only one column with no names in rows or columns. It is important the number
of rows to be the same as the file of discretized curves has. The system returns a warning if it detects
differences in both files.

4.63
6.08
5.44
6.73
5.16
3.01
4.00
4.04

The user must also select the number of functional principal components to use as covariates of the model.
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Functional principal component linear regression: Fitted model

In this section, the application provide the fitted model of the functional principal component linear regression
model. More exactly the table of parameters corresponding to each functional principal component.

Functional representation > wy first analisys

Exploratory analysis <
Functional principal Fitted model
component analysis (FPCA) ¢

Summary of the estimated parameters in terms of the selected principal componentsand their statistical signification.
FPC linear regression v Y P princip: p ig

2Upload new scalar response

Table of coefficients and signification

i Fitted model

84 Functional parameter Estimate Std. Error tvalue Pr(>1t))

a Residuals analysis (Intercept) 4.886250 0.009141 534.537 1.44e-08***

&w Prediction *Comp. 1" 0.168936 0.001558 108.446 17306

RRC e ¢ Comp. 2 0.252073 0.004215 59.803 103205
Comp. 3 0058054 0.007692 7.547 0.00482*
“Comp.4" 0035202 0.026630 1322 0.27796

R*2=0.9998052

The user can download this table more completely in .txt format, in the form that usually return R
software.

Functional principal component linear regression: Functional parameter

In this section, the application provide a plot of the functional parameter of the functional principal component
linear regression model, and the vector of basis coeflicients of this functional parameter.

Functional representation > my first analisys

Exploratoryanalysis <

Functional principal Functional parameter

component analysis (FRCA) €

Plot of the regression coefficient function of the functional linear model. Basis coefficients of functional parameter can be

FPC linear regression e
. downloaded

LUpload new scalar response
£ Fitted model

Basis coefficients
e Functional parameter

M Residuals analysis H

&a Prediction

o

FPClogitregression 3

The user can download the plot and the vector of basis coefficients in .csv format with columns separated
by comma and with period as decimal point.

Functional principal component linear regression: Residual analysis

In this section, the application provide two classical plots of a residual analysis in R. A matrix of observed,
fitted and residual values is also provided.
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Functional representation > wy first analisys

Exploratory analysis 3

Functional principal Residual analysis

component analysis (FPCA) ¢
Plots of residuals s fitted values. Observed, fitted and residual values can be downloaded
FPClinear regression @

2Upload new scalar response

i Fitted model

Obsormdvs Fited

8a Functional parameter s

oez

e Residuals analysis "
aa prediction

FPC logitregression

003 ez 4o w4

Observed. fitted and residual values

The user can download the plots and the matrix in .csv format with columns separated by comma and
with period as decimal point.

Functional principal component linear regression: prediction

Functional principal component linear regression prediction needs a new curve to get the prediction that the
model gives.

Functional representation > wy firs

Exploratory analysis <

Functional principal Linear prediction

component analysis (FPCA) ¢

. Functional representation and linear prediction for anew curve.
FPClinear regression

2Upload new scalar response Upload curvefor prediction (csv]

i Fitted model Select file
a4 Functional parameter

8a Residuals analysis

dw Prediction

FPC logitregression

The user must upload the file with the new curve. It is important the file format to be correct.
The file must be a .csv with only one row and no names in rows or columns. The system returns a error if
the format is not correct. For prediction, the application is designed differently depending of the
format of discretized curves previously uploaded. For cases 1 and 2, one file with one row and
as many columns of discretized curves uploaded has, is necessary

-4.65,-5.33,-2.53,1.26,5.79,10.79,15.21,15.28,11.62,7.02,2.95,-1.85

For case 3 there are necessary two files: one with the row of discretized curves

-12.78,-11.28,-4.67,3.29,10.91,16.38,19.05,17.65

and the other one with the sampling points. The number of columns of both files must be the
same
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2,3,5,6,7,8,10,11

The result of the analysis is the plot of the new curve and the prediction of the response

Functional representation > my first analisys

Exploratoryanalysis <

Functional principal Linear prediction

component analysis (FPCA) ¢

. Functional representation and linear prediction for a new curve.
FPC linear regression

2 Upload new scalar response

£ Fitted model Response predicton
s Functional parameter = N 4.635674
84 Residuals analysis /’ \
84 Prediction
FPC logitregression < HE
H
/
- ,/’

The user can download the plot.

Functional principal component logit regression: upload scalar response

Functional principal component logit regression needs a scalar response of 0’s and 1’s to fit the model (see
theory of functional principal component logit regression).

Functional representation > wy first analisys

Exploratory analysis <
Functional principal FPC logit regression
component analysis (FPCA) €

I . The functional logit model with scalar response and functional predictor is estimated as a logit regression model for the scalar
inear regression

responseon thenumber of selected principal components.

FPC logitregression v
Upload response observatians (csv)
&.upload new scalar response

Select file

Number of componets

6 4

The user must upload the file with the response. It is important the file format to be correct. The
file must be a .csv with only one column and no names in rows or columns. It is important the number of
rows to be the same as the file of discretized curves has. The system returns a warning if it detects
differences in both files.

O O O, B Br Bk O

The user must also select the number of functional principal components to use as covariates of the model.

10
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Functional principal component logit regression: Fitted model

In this section, the application provide the fitted model of the functional principal component logit regression

model. More exactly the table of parameters corresponding to each functional principal component.

Functional representation > my first anaiisys

Exploratoryanalysis <

Functional principal Fitted model

component analysis (FPCA) €

FPClinear regression d

FPC logitregression o

2 Upload newscalar response. Table of coefficients and signification

HiFitted model Ectimate
&4 Functional parameter (Intercept) -3.822¢-01
|4 ROCareaand CCR Comp.1 3.021e+00
i prediction Comp.2 6.391e400
Comp.3 1.061e+01
Comp.4 1.605e+01

Std. Error

1.432¢+05

9.630e+03

4.085e+04

1.416e+05

3.401e+05

tvalue

Summary of the estimated parameters in terms of the selected principal componentsand their statistical signification.

Pr{>J¢]}

The user can download this table more completely in .txt format, in the form that usually return R

software.

Functional principal component logit regression: Functional parameter

In this section, the application provide a plot of the functional parameter of the functional principal component

logit regression model, and the vector of basis coeflicients of this functional parameter.

Functional representation > wy first analisys

Exploratory analysis <

Functional principal Functional parameter

component analysis (FPCA) ¢

FPC linear regression
# downloaded

FPClogitregression i

&.upload new scalar response
& Fitted model

a Functional parameter

IMa ROC areaand CCR

&a Prediction i.

Basiscoefficients

. Plot of the regression coefficient function of the functional logit model. Basis coefficients of functional parameter can be

The user can download the plot and the vector of basis coefficients in .csv format with columns separated

by comma and with period as decimal point.

Functional principal component logit regression: ROC area and CCR

In this section, the application provide the plot of the ROC curve, and the classification table and CCR. The
cutpoint for the classification table and CCR can be changed by user. Every time the cutpoint is changed,

the classification table changes.

11
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Functional representation > my first analisys

Exploratory analysis <
Functional principal ROC and CCR
component analysis (FPCA) ¢

a Areaunder the Receiver Operating Curve (ROC) and Correct Classification Ratefor the selected cutpoint.
FPClinear regression
Choose Cutpoint for classification
FPClogit regression o .

s

& Upload new scalar response
i Fitted model
8a Functional parameter

s ROCareaand CCR Classification table

i Prediction 3 o]
e 7 Predicted
%
- - Observed o 1
3 /
s
S 0 a o
f = /
L /
H rd 1 0 4
H /
H /
I Y
// "Correct Classification Rate"
/
o /
/- e b B
/
/
° //

The user can download the plot and the table in .txt format.

Functional principal component logit regression: prediction

Functional principal component logit regression prediction needs a new curve to get the prediction that the
model gives.

Functional representation » my first anslisys

Exploratory analysis <

Functional principal Logit prediction

componentanalysis (FPCA) ¢

- . Functional representation and logit prediction for a new curve.
inear regression

FPC logit regression - Upload curve for prediction (csv)

L. Upload new scalar response Select file
£ Fitted model

|8 Functional parameter

184 ROCareaand CCR

|#w Prediction

The user must upload the file with the new curve. It is important the file format to be correct.
The file must be a .csv with only one row with no names in rows or columns. The system returns a error if
the format is not correct. For prediction the application is designed differently depending of the
format of discretized curves previously uploaded. For cases 1 and 2, one file with one row and
as many columns of discretized curves uploaded has is necessary

-4.65,-5.33,-2.53,1.26,5.79,10.79,15.21,15.28,11.62,7.02,2.95,-1.85

For case 3 there are necessary two files: one with the row of discretized curve

-12.78,-11.28,-4.67,3.29,10.91,16.38,19.05,17.65

and the other one with the sampling points. The number of columns of both files must be the
same

2,3,5,6,7,8,10,11

12
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The result of the analysis is the plot of the new curve and the prediction of the response

Functional representation » my first anslisys

Exploratory analysis <

Functional principal Logit prediction

componentanalysis (FPCA) ¢
Functional representation and logit prediction for anewcurve.
FPClinear regression < P! Bltp

FPClogit regression =

& Upload new scalar response Response predicton

£ Fitted model e S "Logit prediction”
/ ! -24.81042
|8 Functional parameter / \ "Predicted probability of response Y=1"
e 1.678701e-11
I8 ROCareaand CCR /

|#w Prediction

Tomporaiue

The user can download the plot.

The history

The application provides a history page where the user can use previous analysis made without uploading
data again.

History
Show 10 |entries Search:
Data  Timepoints  Linear regression response Logit regression response
Description = | Lower bound Upper bound (esv) (esv) (by col) (by col) Date -
My first 10 120 & - & A 24-07-2016

analisys

Showing 1o 1of 1entries Previous Next

It is important to note that the number of functional principal components to use in functional principal
component linear and logit regression do not keep saved in the history, so the user must select this number
every time he/she wants to get one of these analysis. If user do not actualize this parameter the models will
be fitted in terms of the first functional principal component only.

Important information

Remember that usually .csv files are automatically open with Excell in Windows systems and Open office Calc
in Linux Systems. Remember also that Excell and Open office Calc use comma as decimal point, so if user
wants to use these data, he/she will have to replace periods by commas. The search/replace ability of these
programs can help to do it.
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