Clustering Code - PennState

#R  #cluster  #StatisticalModeling
the following are clustering codes from an example problem developed by PennState

Cluster Analysis: An Example

The following is an example of applying cluster analysis in R by Penn State! /%]

Overview

Cluster analysis is an exploratory, descriptive, “bottom-up” approach to structure heterogeneity. From
a “data mining” perspective cluster analysis is an “unsupervised learning” approach.

A key underpinning of cluster analysis is an assumption that a sample is NOT homogeneous. The
method is used to examine and describe distinct sub-populations in the sample.

Can groups of individuals (observations) be identified whose members (a) are similar on group-
defining variables, and (b) differ from members of other groups?

Often cluster analysis (and other “mixture” methods) are considered as a person-oriented approach -
where a research objective is to identify “types of persons”. A contrast is made with variable-oriented
approaches, such as factor analysis and regression - where the research objective is to identify groups
of variables or relations among variables. An intuitive representation of the contrast is shown by
whether one is interested in data reduction across columns (= variable-oriented) or rows (= person-
oriented) of a persons x variables data matrix.

Note: Generally, the “person-specific” terminology used here at PSU is fundamentally different than
the “person-oriented” or “person-centered” terminology used elsewhere. (We would rather label the
approach used elsewhere as a “sub-group-oriented” approach.)



This is the general idea ...

e e g
o "
Y | e 0 o
(Well-Being) I S M
b ¢ ... y
el [ ]
. Yo 0
Pl

----*  Within-cluster variation

«— Between-cluster variation

(Perceptual Speed)

There are, of course, a variety of ways to do this ... with techniques generally falling into two
categories
Hierarchical methods ... where each object initially forms its own cluster and objects are grouped

together based on similarity/difference.
Hierarchical Clustering Methods: Each object initially forms its own cluster

Dendogram (tree plot)
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Non-hierarchical methods ... where number of clusters are specified in advance (prior to launching
algorithm) and objects are moved in and out of clusters (‘ANOVA in reverse”). For example, the k-
means clustering algorithm assigns objects (persons) to clusters so as to maximize the difference



among the means of the clusters on all variables.
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Preliminaries

Libraries used in this script. There are two main libraries that we will use cluster (namesake)
and fpc (Flexible Procedures for Clustering). Some other functions are in the base package.

#general packages
library(ggplot2)
library(psych)

#cluster packages
library(cluster) #clustering
library(fpc) #flexible procedures for clustering

library(clusterCrit) #cluster criteria

Our example makes use of one our experience sampling data sets, but treats these data as though they
are cross-sectional.
Getting the data and doing a bit of data management (new id variable)

#set filepath for data file
filepath <-
"https://quantdev.ssri.psu.edu/sites/qdev/files/AMIBbrief_raw_dailyl.csv"

#read in the .csv file using the url() function
daily <- read.csv(file=url(filepath), header=TRUE)

#clean-up of variable names
var.names.daily <- tolower(colnames(daily))

colnames(daily)<-var.names.daily



#creating a new "id" variable
daily$id <- daily$idx10+daily$day

names(daily)

## [1] Ilidll IldayH lldatell ”S-LphI‘S” ”Weath“ |I-L-teqll ”pSS”
## [8] "se" "swls" "evalday" "posaff" '"negaff" '"temp" "hum"
## [15] "wind" "bar" "prec"

#reducing down to variable set
daily <- daily[ ,c("id","slphrs","weath",6 "lteq", "pss","se","swls", "evalday",

”poSa‘F‘F” . Ilnega‘F‘Fll , Iltempﬂ , Ilhumll . IIWindH , Ilbarll , I|precll):|

#names of variables

names(daily)
## [1] Ilidll IIS-LphI-\SII llweathll Il-l_-teqll ”pSS” ”Se” IISW-LSII
## [8] "evalday" "posaff" "negaff" "temp" "hum" "wind" "bar"

## [15] "prec"

#looking at data
head(daily,10)

id siphrs  weath Iteg pss se  swis evalday posaff  negaff temp hum  wind bar  prec
1010 6.0 1 10 2.50 2 3.8 1 39 3.0 250 0.79 1.0 29.40 020
1011 20 2 10 275 3 4.2 0 3.8 23 208 0.62 36 3017 0.00
1012 9.0 3 10 3.50 4 50 1 5.1 1.0 291 0.51 19 30.35 0.02
1013 7.5 2 g 3.00 4 2.0 1 56 1.3 30.2 0.58 27 30.23 0.00
1014 8.0 1 18 275 3 4.0 1 4.3 11 227 0.55 2.4 30.46 0.00
1015 8.0 2 19 275 3 4.2 1 39 10 21.4 0.54 07 3054 0.00
1016 8.0 3 21 3.50 4 45 1 5.1 1.2 314 0.49 1.0 30.51 0.00
1017 7.0 NA 14 273 3 46 1 4.8 1.1 45.3 0.52 11 30.30 0.00
1020 70 0 12 3.50 3 56 0 6.3 14 250 0.79 1.0 29.40 020
1021 6.0 0 20 4.00 3 6.6 0 70 16 208 0.62 36 3017 0.00

Cluster Analysis: General

The aim of cluster analysis is to identify groups of similar observations - formally, forming groups so
that:

(a) within a group, the observations are most similar to each other,

(b) and between groups the observations are most dissimilar to each other.



Cluster analysis is a form of unsupervised classification: no pre-defined classes, and can be considered
descriptive data mining.

Humans, as a society, have been “clustering” for a long time in attempts to understand (and simplify)
the environment we live in:

Clustering the animal and plant kingdoms into a hierarchy of similarities.

Clustering chemical structures.

Day-by-day we see grocery items clustered into similar groups.

We cluster student populations into similar groups of students from similar backgrounds or studying
similar combinations of subjects.

Similarity / Dissimilarity

The concept of similarity is often operationlized via measurement of distance. The task in cluster
analysis is to identify groups of observations, so that the distance between the observations within a
group is minimised and between the groups the distance is maximised. The fundamental information
that is used in clustering is distance. In the same way that other methods work from similarity
measures (e.g., correlation matrix), cluster analysis methods work from dissimilarity measures (e.g.,
distance matrix).

There are some caveats to performing automated cluster analysis using distance measures. We often
observe, particularly with large datasets, that a number of interesting clusters will be generated, and
that one or two clusters will account for the majority of the observations. It is as if these larger
clusters simply lump together those observations that don’t fit elsewhere. As with all exploratory
methods, there is a lot of “art” involved. That is, researchers must be prepared to make decisions
themselves - they must be actively involved in the exploration and description process.

Preparing Data
Missing Data

Note that cluster analysis does NOT generally work with missing data. Here we simply delete
incomplete cases. Other possibilities include imputation, and calculation of distances using most
complete subsets.



vars n mean sd median trimmed mad min max range skew  Kurtosis se

id 1 1376 3276.2819767 1279.8763851 3271.50 3302.2422868 1497.426000 1010.00 5327.00 4317.00 -0.1023726 -1.0402205 34.5031550
slphrs 2 1376 7.1960756 1.8058116 7.00 7.1974138 1.482600 0.00 18.00 18.00 0.1207219 1.9324209 0.0486814
weath 3 1376 2.0007267 1.2941826 2.00 2.0009074 1.462600 0.00 4.00 4.00 -0.0556619 -1.0634078 0.0348888
Iteq 4 1376 12.5007267  10.4214464 9.00 11.2359347 8.895600 0.00 5800 58.00 1.0724521 0.9464013 0.2809434
pss 5 1376 2.6184593 0.6839263 275 2.6414096 0.741300 0.00 4.00 4.00 -0.3692700 01713646 0.0184374
se 6 1376 3.42877TNM 0.9927081 3.00 3.4646098 1.462600 1.00 2.00 4.00 -04022571 -0.1178189 0.0267616
swis 7 1376 4.1120640 1.2725150 420 4.1546279 1.186080 1.00 7.00 6.00 -0.2776101 -0.2196009 0.0343047

evalday 8 1376 0.6845930 0.4648467 1.00 0.7304900 0.000000 0.00 1.00 1.00 -0.7936331 -1.3711413 0.0125314
posaff 9 1376 41078670 1.1003100 420 4.1387250 1.186080 1.00 7.00 6.00 -0.2430963 -0.3671490 0.0296624

negaff 10 1376 2.4509448 1.0386149 2.20 2.3407668 1.037820 1.00 6.90 590 0.9490537 06733386 0.0279992

temp 11 1376  40.1818314 7.6759041 4200  40.5127042 58.895600 2080 56.00 3520 -0.3685936 -0.2358267 0.2123201
hum 12 1376 0.6204578 0.1963037 0.66 0.6295735 0.207364 0.24 0.90 0.66 -0.3643819 -1.1017409 0.0052920
wind 13 1376 7.3567587 4.4525749 7.00 6.8075318 4.447800 070 20.00 19.30 09736384 0.8603566 0.1200334
bar 14 1376  30.0182122 0.3340609 30,00  30.0373049 0.429954 2932  30.54 1.22 -0.3889538 -0.8964509 0.0090057
prec 15 1376 0.0493387 0.0934249 0.00 0.0253085 0.000000 0.00 0.30 0.30 1.8539266 1.9753796 0.0025186

Scaling

The unit of distance may be different for different variables. For example, one year of difference in age
seems like it should be a larger difference than $1 difference in income. Different variables will be
“weighted” differently in the distance calculation. To alleviate this, a common approach is to rescale
each variable into a standardized, z-score variable (i.e., by subtracting the mean and dividing by the
standard deviation). Thus, all the variables would then have mean = 0, with differences scales in
standard deviation units. Note that this scales everything in relation to the observed sample (which
has plusses and minuses).

The R function scale() makes it all very easy.

#scaling all the variables

dailyscale <- data.frame(scale(dailysub, center=TRUE, scale=TRUE))
#checking and fixing the id variable (which we did not want standardized)
str(dailyscale$id)

# num [1:1376] -1.77 -1.77 -1.77 -1.77 -1.77

dailyscale$id <- dailysub$id
str(dailyscale$id)

# num [1:1376] 1010 1011 1012 1013 1014

describe(dailyscale)



slphrs
weath
lteg
pss
se
swis
evalday
posaff
negaft
temp
hum
wind
bar

prec

vars

n

mean

1376 2276.282

1376

1376

1376

1376

1376

1376

1376

1376

1376

1376

1376

1376

1376

1376

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

sd

1279.876

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

1.000

median trimmed

3271.5000000 3302.2422868

-0.1085803 0.0007411

-0.0005615 0.0001396

-0.3359136 -0.1213644

01923317 0.0335566

-0.4319287 0.0360939

0.0691041 0.0334487

06785183 0.0987358

0.0837337 0.0280449

-0.2416148 -0.1060816

0.2308520 0.0420108

02014336 0.0464365

-0.0801241 -0.1233504

-0.0545176 0.0571333

-0.5281103 -0.2572133

mad

1497.4260000

0.8210159

1.1455880

0.8535859

1.0838887

1.4934904

09320753

0.0000000

1.0779507

0.9992346

1.1294703

1.0573617

09989276

1.2870529

0.0000000

min

1010.0000000

-3.9849537

-1.5459385

-1.1995194

-3.8285695

-2.4466196

-2.44560M

-1.4727286

-2.8245376

-1.3969998

-2.4609024

-1.8381086

-1.4950358

-2.0900749

-0.5281103

Plotting a sample of bivariate observations

We choose a small subset of variables for easy visualization in a bivariate

max

5327.0000000

59828636

1.5448155

43659269

2.0200140

1.5827623

22694712

06785183

26284710

42836428

2.0084257

1.4240291

28395348

1.5619543

26830242

measure of physical activity, and posaff, a measure of positive affect.

ggplot(dailyscale,aes(x=1lteq,y=posaff)) +

geom_point()

range
4317.000000
9.967817
3.090754
5.565446
5.848584
4.029382
4.715072
2151247
5.453009
5.680643
4.469328
3.362138
4.334570
3.652029

3.211135

skew

-0.1023726

0.1207219

-0.0556619

1.0724521

-0.3692700

-0.4022571

-0.2776101

-0.792631

-0.2430963

0.9480537

-0.3685936

-0.3643819

0.9736384

-0.3889538

1.8539266

kurtosis

-1.0402205

1.9324209

-1.0634078

0.9464013

0.1713646

-0.1178189

-0.2196009

-1.3711413

-0.3671490

0.6733386

-0.2358267

-1.1017409

0.8603566

-0.8964509

1.9753796

space. We use lteq, a

se

34.5031530

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582

0.0269582



[ ] bt ‘
. a* - L ] -
2= - : .
. [ ] ! = 'I . --- . L ] - [ ] L ]
= :: l : 'l .: '=
(] - 1R .I" [ ] .
!E i li | .“: : - [ ] B [ ] [ ] . [ ]
1= L ] [ X ] [ X ] [ X ]
: L X ] =. [ ] - ﬁ:ls ! as ! = [ ]
i L ] .' [ X ] : s » »
i "l . i:g!: L X ] - i :‘ = - - ~
aee [ X N ] L ]
. [ ]
£ .. l a3 f! R ii- A )
g . i. . '! = l-- 'l’l' . - . -
z !I '-= [ ] 'I! . = [ ]
tl !il (] :ii : (] - [ ] ] [ ]
N : !i- .
lis ; =. [ ] -
: .3 ;ti* s s
= s .-s :
§ .* 'I. L ]
3 e * .
-2 - (X ] [
: . @ L ] [ ]
: » — L ] (]
- [ ]
[ ] [ ] L ] [ ] [ ]
e
{J 2 A

lteg

Note that these data are not specifically constructed for cluster analysis - so it is questionable whether
this is the approach that would actually be used here.

Distances

Each individual is concptualized as a point in a multivariate space.
For example, lets look at the first three individuals.

14

1010

1012

1025

Iteq
-0.23599597
-0.2359597

-0.4318716

posaff

-0.1889168

0.9016850



geom_text(aes(x=1teq-.1,label=labels.abc)) +
ylim(-1,1) + xlim(-1,1)
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Lets look at the distances. Euclidean Distance is calculated as

FEuclidianDistancea p = \/(aza — )2 4 (Yo — yYp)2

and easily implemented using the dist() function.

dist.abc <- dist(datall[1:3,2:3],method="euclidean",diag=TRUE, upper=FALSE)
dist.abc

Hi 1 3 14
## 1 0.0000000

## 3 1.0906017 0.0000000

## 14 0.7519693 0.4110804 0.0000000

Might also use a different distance measure, such as Manhattan Distance ... The distance between two
points in a grid based on a strictly horizontal and/or vertical path (that is, along the grid lines), as
opposed to the diagonal or “as the crow flies” distance. The Manhattan distance is the simple sum of
the horizontal and vertical components, whereas the diagonal distance might be computed by



applying the Pythagorean theorem.

ManhattanDistanceAB = |z, — xp| + |Ya — ys

The great thing about the distances is that they scale up to distance in many dimensions! Yay for
geometry!

K-Means Cluster Analysis

Basic clustering in the social sciences often makes use of the K-means procedure. The k-means
algorithm is a traditional and widely used clustering algorithm. In brief, the algorithm begins by
specifying the number of clusters we are interested in. This is the k. Each of the k clusters is identified
by the vector of the average (i.e., the mean) value of each of the variables for observations within a
cluster. A random clustering is constructed (random set of mean vectors). The k means are calculated.
Then, using the distance measure, we gravitate each observation to its nearest mean. The means are
then recalculated and the points re-gravitate. And so on until there is no further change to the means.

For illustration - Lets look at a result. We use the R function












That is a lot of output! - but pretty easy to walk through and understand.

Lets extract the mean vectors and plot for a more intuitive understanding of the results.
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There is a funky animation function for demonstrating the steps in the k-means algorithm. Random
Cluster! Average! Move! Average! Cluster! Move! Average! Cluster! ...

library(animation)

kmeans.ani(dailyscale[,c("lteq", "posaff")], centers = 4, pch=c(15,16,17,18),
col=c(1,2,3,4))

5.0.0.0.1 Evaluation of Clustering Quality

Numerous measures are available for evaluating a clustering. Many are stored within the model object
returned by kmeans() A basic concept for evaluating the quality of the clusters is the sum of squares.
This is typically a sum of the square of the distances between observations.

model$totss

## [1] 2750

model$withinss

## [1] 201.2980 329.1644 175.7229 180.1350



Evaluation of the sum of squares can help us both evalaute the quality of any given solution, as well as
help us choose the number of clusters, k, needed to describe the data.

Evaluation: Within Sum of Squares

The within sum of squares is a measure of how close the observations are within the clusters. For a
single cluster this is calculated as the average squared distance of each observation within the cluster
from the cluster mean. Then the total within sum of squares is the sum of the within sum of squares
over all clusters. The total within sum of squares generally decreases as the number of clusters
increases. As we increase the number of clusters they individually tend to become smaller and the
observations closer together within the clusters. As k increases, the changes in the total within sum of
squares would be expected to reduce, and so it flattens out. A good value of k might be where the
reduction in the total weighted sum of squares begins to flatten. General rule of thumb: Aim to
minimise the total within sum of squares (achieve within-group similarity).

Evaluation: Between Sum of Squares The between sum or squares is a measure of how far the clusters
are from each other. General rule of thumb: Aim to maximise the between sum of squares (achieve
between-group dissimilarity).

A good clustering will have a small within sum of squares and a large between sum of squares.

So, we need to have a range of solutions to see how the within and between sum of squares looks with

different k.
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K tot.withinss betweenss totalss

1 2750.00 0.00 2730
2 1786.49 963.51 2750
3 1082.70 1667.30 2730
4 877.93 1872.07 2730
] 729.55 202045 2720
B 584.64 2165.36 2730
7 458.26 2251.74 2750
8 44517 2304.83 2730
9 396.60 2353.40 2730
10 360.53 238947 2730
11 326.35 242365 2730
12 306.13 2443 87 2750
13 288.19 2461.81 2720
14 261.78 248822 2730
15 262.64 2487.36 2750
16 232.66 2517.34 2730
17 216.25 2533.75 2730
18 208.83 254117 2730
19 195.18 2554.82 2730
20 188.38 2561.62 2750

From the scree plot, we might look for 6 clusters (but it is really hard to see any “elbow”).

There are also additional quantitative criteria that can be used to inform selection. For example, the
The Calinski-Harabasz criteria, also known as the variance ratio criteria, is the ratio of the between
sum of squares (divided by k - 1) to the within sum of squares (divided by n - k) The relative values can
be used to compare clusterings of a single dataset, with higher values being better clusterings. The
criteria is said to work best for spherical clusters with compact centres (as with normally distributed
data) using k-means with Euclidean distance.

And of course this is a well-trodden area of research so there are many many criteria - and packages
that calculate them for you - and make automated choices.

#from library(fpc)
model.manyCH <- kmeansruns(dailyscale[,c("lteq", "posaff")], krange=c(2:20),
criterion="ch", critout = TRUE, plot=FALSE) #better to leave the plot FALSE

## 2 clusters 745.4072
## 3 clusters 1057.359
## U clusters 975.2011
## 5 clusters 978.5366
## 6 clusters 1019.07
## 7 clusters 1033.765






























As well, there are other metrics ...




Hit
Hit
Hi
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hi
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hit
Hi
Hit
Hit
Hit
Hit
Hit

[1] 0.3400096 0.
[8] 0.318uuU0U 0.
[15] 0.4167709 0.

$median.distance
[1] 0.3404514 0.
[8] 0.3322502 0.
[15] 0.3964924 0.

$separation

3413816
3136617

4830194 0.

3404514 0.

3018737
U637077

[1] 0.090883u8 0.090883u8
[7] 0.090883u8 0.090883u8
[13] 0.090883u8 0.13216412
[19] 0.090883u8 0.090883u8

$average.toother

0.3801126
0.6138922
9926368 0.

3635339 0.
0.5948243
0.9815921

0.7562126
0.4269003
8897549

6692652
0.3964924
0.7968182

0.4309641
0.5356949
0.4217370 0.

0.4246881 0.
0.5286565
0.3964924

0.5409203
0.4191472
6373993

5453009
0.3964924
0.6037474

0.3444528
0.4703920

0.3404514
0.4637077

0.09088348 0.090883U8 0.090883U8 0.09088348
0.09088348 0.090883U48 0.090883U8 0.090883U8
0.090883U48 0.090883U48 0.13216412 0.13216412

[1] 1.763301 1.3910u46 1.426488 2.922640
[9] 1.604138 2.338607 1.780105 2.039176
[17] 3.120922 2.984987 2.093672 2.4ud394

$separation.matrix

[,1]
[1,] 0.00000000
[2,] 0.61662059
[3,] 0.68090281
[4,] 2.31010541
[5,] 1.32107833
[6,] 1.85483081
[7,] 0.19191194
[8,]1 0.090883u8
[9,] 0.090883u8
[10,] 1.18805150
[11,] 0.81795128
[12,] 1.5777u4816
[13,] 0.8683727u
[14,] 1.96224197
[15,] 1.27518u68
[16,] ©0.33341933
[17,] 3.11014232
[18,] 2.783u10536
[19,] 0.090883u8
[20,] 1.81766952

[,7]
[1,] 0.19191194
[2,] 0.49328019
[3,] 0.09088348
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[,2]

.61662059
.00000000
.090883u8
.079269uU5
.09595597
.46370770
.49328019
.0908834U8
.090883u8
.68471180
.0908834U8
.97586196
.87110063
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And then there are more ...










Calculation for many possible k can be looped and all the possibilites plotted. So much guidance! So
much fun!

As far as I can tell, there is not “standard reporting” of cluster analysis resutls in the psychological
literature. Different authors report different things - but all are using some metrics to justify the
choice of k, and to support why the chosen cluster solution is a good description of the data.

Obtaining a stable, replicable solution

Recall that k-means begins the iterations with a random cluster assignment. Different starting points
may lead to different solutions. So, it may be useful to start many times to locate a stable solution.
This is automated within the function.



The improvement can be seen over the single random start. Recommended to do 25+ or 50 for stable
solutions.

Replication It may also be informative to repeat the procedure on randomly selected portions of the
sample. If the cluster solution replicates in (random) subsets of the data - that would be strong
evidence that the typology is pervasive and meaningful.

After Clustering

After finding a suitable cluster solution, each individual is placed in a cluster. Formally, we obtain a
vector of cluster assignments - a new categorical, grouping variable.
What next?

Well, we can both describe the clusters and use this new cluster variable in some other analysis -
ANOVAS to test group differences, Chi-square tests, Multinomial regressions ... the cluster variable
can be used as a predictor, a correlate, an outcome.

Describing the Clusters

First we merge the vector of cluster assignments back into the data set.

cluster id slphrs weath pss
2 1010 -0.6623479 -0.7732200 -0.1732048
2 1011 -2.6774184 -0.0005615 0.1923317
3 1012 0.9989549 0.7721270 1.2889411
3 1013 0.1883035 -0.0005615 0.5578682

We can describe the different clusters - and potentially name the clusters.






variable

. Iteq
. posaff

mean
w
=

Héq pu;aﬁ Héq pﬂéﬂﬁ
From this plot we can see the multivariate "profile" of each cluster - and use that to name the clusters.
1= Vigorous Exercisers
2 = Happy Sedentary
3 = Happy Exercisers
4 = Unhappy Sedentary

Analyzing the Clusters

Now that we have clusters = groups, we can analyze them. For example, we can take our 4-cluster
solution and see if the clusters differ on another variable.

Let’s see how the cluster groups differ on pss .

fitl <- aov(pss ~ factor(km.res$cluster), data=dailyscale.clus)

summary (fitl)

#it Df Sum Sqg Mean Sqg F value Pr(>F)

## factor(km.res$cluster) 3 2u7  82.35 100.2 <2e-16 **xx%
## Residuals 1372 1128 0.82

-

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



We see that clusters differ from each other on pss, except clusters 3 and 4 (or 3 and 2 if there was label
switching).

Differences on non-clustering variables provide evidence that, indeed, the cluster solution is
providing a meaningful distinction. The typology has value.

In sum, there are variety of ways to justify a cluster solution (e.g., selection of k)

1. Conceptual arguments
2. Internal statistical criteria
3. replication of clusters in random halves

4. cluster differentiation on external variables

But, there is an interesting philosophical predicament, as highlighted by Morack, Ram, Fauth, &
Gerstorf (2013) ...

"The relative cost/utility of variable-oriented and subgroup-oriented approaches must be considered.
Although both types of analysis can be done in the flash of an eye, the time-consuming and effortful
nature of multivariate long-term panel data must also be considered. Certainly, a multivariate analysis
makes better use of the data than a univariate analysis, but we ourselves still struggle with the added
utility of a purely subgroup-oriented approach. Case in point, we interpreted and named the groups
from a variable-oriented perspective, and following standard good practices, we evaluated the utility
of the profile groups by assessing how the categorical grouping variable was related to a variety of
antecedents, correlates, and outcomes in a purely variable-oriented manner. In sum, the field still
struggles to take a subgroup-oriented approach without placing it within variable-oriented
interpretations and analysis.

A practical benefit of subgroup-oriented interpretation emerges when considering potential interventions.
Multivariate profiles may point toward tailoring diagnostic and intervention efforts to individual needs."

Pros and Cons of Clustering



Pros

Structures and summarizes heterogeneity in a given data set

Identifies higher-order, non-linear, or group-specific interactions] Groups individuals in multivariate
space using communalities and differences in - level (profile elevation) - dispersion (degree of
variability around profile average) - shape (pattern of high and low scores in a profile) Does not
assume sample homogeneity, but examines the possibility of distinct sub-populations

Cons

Fuzziness of classification (index for goodness of individual - subgroup fit not available)

No internal statistical criterion available for “difinitive” evaluation of optimal number of clusters
Algorithm always generates clusters irrespective of the true existence of structure
Multicollinearity and outliers can distort cluster solutions

Slight switch here - into the sports car =:-)

Hierarchical Clustering

The package provides a whole set of options ... including both hierarchical and non-
hierarchical methods.

Lets look at a hierarchical method - Good explanations are can be found

here 13l

Prelim: we make distance matrix (not totally necessary, but we do here for conceptual value)

Note that does include some treatments for missing data. Be careful!

Engage the hierarchical clustering ... we use the (agglomerative nesting, aka hierarchical
clustering, Ward’s method, ...) function (which also allows for other linkage options)

There are many choices for the linkage method. We have chosen Ward here, as a classic. Again, this is a
well-trodden research area, and one can find recommendations of all types. Read widely to find the
best for your specific purpose and data.


http://www.econ.upf.edu/~michael/stanford/maeb7.pdf

Then we visualize it!

Ward clustering of PAPA

40

30

20

Height

10

dist.all
Agglomerative Coefficient = 1

This is a Dendrogram (basically an organized plot of the distance matrix) that indicates how far apart
objects are and when they might be merged together. The y-axis indicates the distance between the
clusters. Long vertical lines indicate that there is a lot of between-cluster distance. We determine a
level at which to “cut the tree”. Generally we are looking for a level above which the lines are long
(between-group heterogeneity) and below which the leaves are close (within-group homogeneity).

We see that 4 clusters seems to be a good tradeoff for parsimony.

Lets cut the tree and make cluster assignments.

And look at some statistical criteria









A two-step approach

Often times, researchers are using a two-step approach ...

1. Hierarchical Ward’s method to ...
..evaluate optimal number of clusters
..produce starting seeds for subsequent step
2. Non-hierarchical k-means method to ...
..determine final case location in the separate subgroups

The two-step approach circumvents some drawbacks of each procedure
..Ward’s method does not allow revising assigned membership in later steps tends to produce clusters
of similar size ..k-means method produces optimal clusters only if starting seeds are pre-specified

K-medoids

An alternative hierarchical clustering method ... we use the (partitioning around mediods)

which is like k-means, but a bit more robust.















#Checking length
pamcluster <- clusterpam.papa$clustering
length(pamcluster)

## [1] 1376

#binding to originaldata

dailyscale.pam <- cbind(dailyscale,pamcluster)

#plotting clustered data points

ggplot(dailyscale.pam,aes(x=1lteq,y=posaff)) +
geom_point(alpha=.6, color=factor(pamcluster))
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Lets run the autosearch and see what comes out ...

pamauto <- pamk(dist.all,krange=2:10,criterion="asw", usepam=TRUE,
scaling=FALSE, alpha=0.001, diss=TRUE,
critout=FALSE, ns=10, seed=NULL)

pamauto















Here, the suggestion is for k = 3. Only three clusters.
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Now we have a zone to play in!

Final Thoughts

Please remember the usual caution. Our intention here has been simple exposure. When using
these methods for a paper or project, do the research necessary to engage the method precisely
and with good form.

Thank you for clustering!

Code

The following is the code based on the Penn State tutoriall 2! without all the commentary

#2 PRELIMINARIES

#general packages
library(ggplot2)

library(psych)

#cluster packages

library(cluster) #clustering

library(fpc) #flexible procedures for clustering
library(clusterCrit) #cluster criteria

#tset filepath for data file


















K-means Script

The following is my R script for k-means clustering of WIBS single particle data










Hierarchical Script

The following is my R script for Hierarchical clustering of WIBS single particle data




Fuzzy Script

The following is my R script for fuzzy clustering of WIBS single particle data*!










1. https://quantdev.ssri.psu.edu/sites/qdev/files/11_Cluster Analysis_2020_0401.html «
2. Cluster Tutorial.pdf < «

3. Hierarchical Clustering-upfedu michael stanford.pdf «

4. https://[rpubs.com/rahulSaha/Fuzzy-CMeansClustering «
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