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Multivariate Data Analysis & Dimensionality Reduction
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1. The US government has exploded a large number of nuclear explo-
sive devices underground at its Oasis Valley Test Site (Nevada),
many at or below the water table. Farnham et al. (2000) provide a
table of analyses for 19 trace elements collected from 22 wells at this
location. These data are provided in the Oasis Valley datafiles, along
the locations of the sampled wells and springs. Determine whether
similarities exist among the trace element compositions of these
water sources using principal components analysis (PCA).

V.

Decide whether the data need to be transformed prior to analysis.
Explain the logic behind your decision.

Decide what the appropriate basis matrix for your analysis is,
given the decision you made above. Explain your logic.

Decide how many principal components (eigenvectors) are necessary to represent the major features of these
data. Explain your logic.

Do natural trace-element groupings of water bodies exist in these data” If so, define these groups and
characterize both their similarities and differences in terms of the original variables. Show your plots and the
equations of the eigenvector axes.

Which of these groupings (if any) reflect the geographic location of the sampled locations”? Summarize the data
you used to answer this question on a geographic location map. Note: some localities may be represented by
multiple samples.
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Oasis Valley, Nevada
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2. Different sedimentary depositional environments may be able to
Be “typed” by their characteristic grain size distribution. Krumbein
and Aberdeen (1937) tabulated grain-size data from a set of 98
samples collected from different near-shore depositional environ-
ments in Barataria Bay, Louisiana (see the Barataria Bay dataset).
The problem here is to explore which representation of these
data is most informative when it comes to typing these environ-
ments using grain-size data, which consist of the percentage
sand in each of seven grain-size categories. Compare and
contrast the following representations of these data:

©  mean sand grain size,

-

© pooled sample PC-1 score,

© percent sand in each sand grain-size category.
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2. Essentially, this is a comparison of alternative dimensionality-
reduction strategies. The following questions pertain (mostly)
to the PCA part of this analysis.

I. Decide whether the data need to be transformed prior to
analysis. Explain the logic behind your decision.

i. Decide what the appropriate basis matrix for your PCA analysis
IS, given the decision you made above. Explain your logic.

lii. Decide how many principal components (eigenvectors) are
necessary to represent the major features of these data.
Explain your logic.

Iv. Do natural grain-size groupings of water bodies exist in these data? Show your plots and the equations of the
retained eigenvector axes.

v. The ratio of the sum of squares among groups (SSA) to the total sum of squares (SST) can be used as a
measure of how tightly a set of data is clustered and separated from other groups. Determine which
representation is most effective for characterizing the different depositional environments. Show your
calculations for each analysis along with your interpretation.
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Barataria Bay (Louisiana)

Site Dep. Environment ¢1-2 | ©2-3 | ¢3-4 | @4-5 | ¢5-6 | @6-7 | ¢7-8 | ®8-9 | ®9-10 | ¢10-11
Beach & Foreshore Sanc 0.6 0 C 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Be & Foreshore Sand 0  69.€ C 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Be & Foreshore Sand 0.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Beach & Foreshore Sanc 0.9 : 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Beach & Foreshore Sanc 0.6 € 5.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Be & Foreshore Sanc 58.8 0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Al Maro ~nd oG 0 ' 4 C 0 ¢ Q / 4 /

Org C 0 5.6 s (0 / C :
rgQ S0ttC ¢ 0 8 ./ 0 0 0 / 0
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Sedimentary Rocks

Diameter . . i iti i i
Particle Size Grain/Clast Composition velocity velocity

(mm) Feldspar > 10% Lithics' > 10%
% * (cm/s) (cm/s)
e >80N Feldspar > Lithics Lithics > Feldspar
" X ‘ Boulder
Conglomerate (Breccia)
Quartz Cobble v 2 Cobble
Conglomerate (Breccia) Conglomerate (Breccia)
Quartz Pebble X * Pebble
Conglomerate (Breccia) Conglomerate (Breccia) -
Quartz Granule Feldspathic Granule ? Granule
Conglomerate (Breccia) Conglomerate (Breccia) Conglomerate (Breccia) -

38

Settling | Entrainment

Boulder

Cobble

Pebble

Gravel (rounded) or
Rubble (angular)

Conglomerate rounded)
or Breccia (angular)

Granule

Very coarse

Coarse
Feldspathic Arenite?

(<10% matrix) or
Feldspathic Wacke®*
(>10% matrix)

Lithic Arenite (<10% matrix) 28
or Lithic Wacke® (>10%
matrix) 23

Quartz Arenite (<10%
matrix) or Quartz
Wacke® (>10% matrix)

Medium

Sandstone

Fine

20

Cohesion may
Silt become
; ' important and
: Siltstone (silt > clay) ' 3 :
. entrainment
Mudstone (silt = mud) 2
1 velocities may
Clay Claystone (silt < clay) St

X = clasts of this size and composition are unlikely.

ILithic fragments could be composed of chert, limestone, igneous, or metamorphic rock fragments (and many others).

‘Lithologic descriptor of most abundant clast type should be used in the blank space (ex: basalt cobble conglomerate); use the term polymictic if no one lithology is dominant {ex: polymictic
pebble conglomerate).

*Feldspar-rich sandstones are informally termed arkose.

‘Sandstones with abundant muddy matric are informally called graywackes.

Mudrock (massive)
or Shale (fissile)

Table from Rygel & Quinton (2026)
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3. A collection of ten trilobite taxa has been made from localities in the : pre S M T WYOMING
Great Basin for the purpose of determining whether these species ' = | T
can be identified using simple length measurements of the cephalon
and pygidium. There data are provided in the Great Basin Trilobites
Dataset.
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Pygidium length

In order to standardize for size differences among individuals all cephalon lengths were divided by the length of the
glabella and all pygidum lengths were divided by the width of the pygidium.
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Great Basin Trilobites (Utah)

Species X1 X2 X3 x4 X5 X6 X7 X8 x9

DIS b 0 0.208 0.250 0 ' ' ' ' (0
olaspis hague 0.318 0.318 0.54 0.428 000 0.318 0.296 0.796 0.44¢
0 ba 0 0.3C 0 ' C 0.304 0 0.4C

opyge Co o ' 0.370 0.370 O ' ' 0.500 Q (0
opyqge quadrals U ) | (C J  0.0500 @ 0.c J.900 ( 0.454 0./cC 0.4/G
opyge rea 0.316 0.4 0.474 0.736 3 0.4 0.500 0.6 0.500

' 0.4C 0 (0 000 C ' 0 (0
0 ' 0.3C ' ' 0.0 ' 0.308 ( 0.3C

o 0 ' 0 0 0.9 ' ' 0 (0

x10
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WY OMING

3. Use multivariate dimensionality reduction methods to summarize __ | |
these data and determine whether representation of the " ¥ 1o 'E.‘,,
associations between variables or distances between individuals b Gl A4 f
performs best in recovering the standard taxonomy.

I. Decide whether the data need to be transformed prior to
analysis. Explain the logic behind your decision.

i. Decide what the appropriate basis matrices are for your
analysis. Explain your logic.

lii. Decide how many eigenvectors are necessary to represent the
major features of these data. Explain your logic.

Iv. ldentify the variables and species most closely aligned with g
each of your eigenvector axes. N pamaal
AT,
: : : T_t;s Anga!aiﬁt
v. Show the comparative ordination plots that support your v © B R

(written) interpretation. o eE RORS.

o et
v MexXicall rSoncrea_
L Dasert ™

I MEXEO ™ _
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4. The Swedish government was interested in evaluating the potential
for exploiting heavy mineral deposits in the heavily forested northern
part of that country. As airborne magnetometer surveys proved to be
of limited value a program of ground sampling from stream sedi-
ments was undertaken. The Sweden Sediments HM dataset contains
measurements (in ppm) of 13 heavy-metal concentrations for 46
locality samples divided into three groups: 1 - samples from known
productive regions, 2 - samples from known non-productive regions
and 3 - samples from regions whose productivity was unknown.

Perform a multivariate discriminant analysis on the data from groups
1 and 2.

I.  Decide whether the data need to be transformed prior to analysis. Explain the logic behind your decision.
ii. ldentify the variables most closely aligned with your discriminant function.

. Show the comparative ordination plots that support your (written) interpretation.

Iv. Test your results for statistical significance.

v. Use your result to predict the potential for mining operations to be successful in the regions of unknown
productivity.
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Sweden Sediments HM
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5. The carbonate sediments of the Upper
Jurassic Smackover Fm. on the eastern
Gulf Coast of the USA are extensively
dolomitized with the source of dolomiti- . A . Monroe Q)
zation varying regionally. Among the & )3 e ;"} sta o s

AR

known mechanisms are seawater
seepage (SS), reflux of evaporite brines
(EB), shallow burial alteration by fresh-
water seepage (SF), shallow burial
alteration by mixed connate and fresh-
water (SM) and deep burial (secondary)
alteration (DB). The Smackover
Dolomites dataset contains a variety of
Isotopic, elemental and physical vari-

D Regional -E':{tE!"kt{lf.
ables collected from 97 samples for . st SHIGKANE oA on
which the dominant mechanism of :F:”E:t 250 km

Salt Diapir | |

dolomitization has been established
based on independent criteria.
However, since these variables can be assessed from sediment cores we

would like to know the extent to which these variables reflect different dolomitization environments. Show the
comparative ordination plots that support your (written) interpretation.
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Smackover Dolomites
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Front

4. Use multivariate dimensionality reduc- OK AR

tion analysis to assess the potential use
of these measurements’

oo™
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transformed prior to analysis. Explain
the logic behind your decision.

i. Select an appropriate data-analysis
method for use In assessing these
data. Justify your decision.

lil. Decide how many dimensions are
necessary to represent the major

features of these data. Explain your g Pevon xentof

. Smackover Formation
Ioglc R Anticline
— Fault

250 km
@ Salt Diapir | |

Iv. ldentify the variables most indicative
of each dolomitization mechanism.

v. Show the ordination plot(s) that support your (written) interpretation.

vi. If appropriate, test the reliability and/or statistical significance of your results.
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Multivariate Data Analysis & Dimensionality Reduction
In PAST
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Principal Component Analysis (PCA) in PAST

Show Click mode Edit View

J -
Row attributes O select ® Cut = Paste Bands Recover windows

Column attributes Drag rows/columns © Copy @ selectal Binary Decimals: - B

Glabella Length Glabella Width C D E G
. 3.77
* 3.97 4.08
* 10.91 10.72
® 490 4,69
® 9,33 12.11
* 11.35 10.10
® 5.39 6.81
® 346 6.08
* 592 9.01
* 503 4.34
® 703 6.79
® 530 8.19
* 5,40 8.71
® 14,98 12.98
® 12.25 8.71
¢ 19.00 13.10
* 3.84 4.60
® 815 1.42
® 2318 21.52
® 13.56 11.78

1
2
3
4
5
6
7
8
9
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Principal Component Analysis (PCA) in PAST

& Pastd Edit Transform Plot Univariate B0 -8 Model Diversity Timeseries Geometry Stratigraphy Script Window Help o
Ordination > Principal components (PCA)

‘Canonical correspondence (CCA)
Seriation
B = Discriminant analysis (LDA)
Show Click mode Partial Least Squares (PLS)

Factor analysis (CABFAC)

Row attributes ) Select 5 Recover windows

Copy IZC]I Select all

Column attributes Drag rows/columns Binary Decimals: - B
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Principal Component Analysis (PCA) in PAST

Scatter plot = Scores @ Loadings plot = Loadings @ Scree plot

] ,n L4 -
Eigenvalui % varianci Matrix

43.6141 95.647 Variance-covariance ﬂ

1.98482 4.3528
Groups

Disregard

Missing values
Mean value imputati

Bootstrap N:

Recompute
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Principal Component Analysis (PCA) in PAST

Scatter plot = Scores @ Loadings plot = Loadings @ Scree plot

] ,n L4 -
Eigenvalui % varianci Matrix

1.90918 95.459 Correlation E

0.0908176 4.5409
Groups

Disregard

Missing values
Mean value imputati

Bootstrap N:

Recompute
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Principal Component Analysis (PCA) in PAST

Summary BERGEGIE Scores | Loadings plot |~ Loadings | Scree plot

X axis:

PC 1 i

Y axis:

PC 2 i

95% ellipses
Convex hulls

Min. spanning tree
Row labels

Group labels

o
:
2
E
3

Biplot
Eigenvalue scale

Component 1 ills Graph settings

Copy L.. Print \’*} Help
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Principal Component Analysis (PCA) in PAST

Summary BELERCIEGIEE Scores | Loadings plot | Loadings @ Scree plot

X axis:
PC 1

o | Glabella Width Y axis:

PC 2

95% ellipses
Convex hulls

Min. spanning tree
Row labels

Group labels

o
[=
&
S
E
o

L

Biplot

' Glabella Length Eigenvalue scale
L

Component 1 il Graph settings

Copy u! Print {! Help
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Principal Component Analysis (PCA) in PAST

Summary & Scatter plot @ Scores @ Loadings plot Scree plot

PC1 PC 2
Glabella Ler 0.78032 -0.62538
Glabella Wic¢ 0.62538 0.78032
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Principal Component Analysis (PCA) in PAST

Summary | Scatter plot = Scores PIEELIER 88 Loadings = Scree plot

Values

O coefficients

Correlations

Component

PC 1 ica

il Graph settings

abella Length
ilabella Width

A Print {! Help
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Principal Component Analysis (PCA) in PAST

Summary | Scatter plot = Scores PIEELIER 88 Loadings = Scree plot

Values

O coefficients

Correlations

Component

PC 2 ica

il Graph settings

abella Length
ilabella Width

A Print {! Help
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Principal Component Analysis (PCA) in PAST

Summary = Scatter plot Loadings plot = Loadings @ Scree plot

1

2
3
4
5
6
7
8
9

PC1
-7.8378
-1.2772
2.2907
-6.17
1.9271
2.2463
-3.6816
-2.5228
-1.8922
-6.2875
-3.1947
-3.6691
-0.14458
6.88
2.0793
10.092

@ Close

PC 2
-0.3894
-0.44143
0.39974
-0.54704
2.4725
-0.35922
0.17542
-1.6888
1.5607
-0.90145
-0.24043
1.9339
-0.22437
-0.38204
-2.0067
-2.8024

Copy
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Principal Coordinates Analysis (PCA) in PAST

& Pastd Edit Transform Plot Univariate BY0Cac:8 Model Diversity Timeseries Geometry Stratigraphy Script Window Help

Discriminant analysis (LDA)
. : B Partial Least Squares [PLS)
ahow Click mode Factor analysis (CABFAC) ol
Row attributes O select =  Lut U= Faste Bands Recover windows

=
Wl Select all

Column attributes Drag rows/columns Copy Binary Decimals: - &

Glabella Length Glabella Width C D E G

0L~ ;O b W k=
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Principal Coordinates Analysis (PCA) in PAST

SR Scatter plot | Scores

Eigenvalue Percent Similarity index

828.67 95.647 Euclidean H
37.712 4.3528

Transformation exponent

c=2 <

Recompute
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Principal Coordinates Analysis (PCA) in PAST

Principal coordinates analysis

Scatter plot Scores

Eigenvalue Percent Similarity index
828.67 95.647 Gower (T

37.712 4.3528 Euclidean

Gower
Chord
Manhattan
Bray-Curtis
Cosine
Morisita
Horn
Mahalanobis
Correlation
Rho

Dice
Jaccard
Ochiai
Kulczynski
Simpson

A print Raup-Crick
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Principal Coordinates Analysis (PCA) in PAST

Summary BhEnciddldl Scores

X axis:

Coord 1 E

Y axis:

Coord 2 H

95% ellipses
Convex hulls

- Min. spanning tree
0.7 06 05 04 03908 -ﬂ;z P g
o Row labels

0.2 Group labels
-g_ﬂ
0.4
0.5

o
3
=
-
3
Q

Eigenvalue scale

Coordinate 1 ids Graph settings

Copy ‘-.:},- Help
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Principal Coordinates Analysis (PCA) in PAST

Summary = Scatter plot m

Coord 1
0.27227
0.2528
-0.079576
0.21434
-0.066944
-0.078034
0.12789
0.087639
0.06573
0.21842
0.11098
0.12746
0.0050225
-0.239
-0.072233
-0.35058

@ Close

1

2
3
4
5
6
7
8
9

Coord 2
-0.063411
-0.071883
0.065095
-0.089081
0.40262
-0.058496
0.028565
-0.275
0.25414
-0.14679
-0.039152
0.31492
-0.036537
-0.062211
-0.32677
-0.45635

Copy
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Multivariate Data Analysis & Dimensionality Reduction
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