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Why EMMA

Meaningful interpreta-
tion of polymodal data

Infer processes and their
relative importance

Constraints
Stationarity in processes

Processes create non-
overlapping spectrae

Sufficient samples with
respect to resolution

Strengths

Process quantification

Robustness and uncer-
tainty estimation

Open source, flexible
code

Dietze et al. (2012)
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Package & applications

'NTRODUCHDN The R-package EMMAgeo
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Check T?St Test Tost
data , B ’ factors ’ s
limit meters

check.data(X DC.data, q q, 1w lw,

[1] “Data matrix passed test... OK"

[2] "End-member vector passed test... OK"

[3] "Weight transformation limit vector
passed test... OK"

[4] "Scaling parameter passed test,.. OK"

[5] "Maximum weight transformation limit value
passed test... OK"

[6] " Note: the following rows do not sum up
to the specified c: 1, 42, 250."
[7] "No columns contain only zero values... OK"

AP E ANeg=Ty
Get Get
P robust P residual P hgg::l ) )
EMs EM
Check the input data

check appropriate data structure
check for columns with only zero-values
check for rows with NA-values

Get
uncer-
tainty

-
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mu.phi()
phi.mu()

interpolate.classes()

test.1lw()
test.Lv()
test.parameters()
EMMA()

test.robustness()

robust.EM()
residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()




NTRODUCTION
6 6

OETAILS
(ads)

APPLICATIONs
o) £y

2 R-package Agel
The way of EMMA
Test Test Get Get Get
Check . Test p Model
i P weight ) . Y para- ) robust P residual P o P uncer-
limit meters EMs EM tainty
TR e s e Test weight tranformation limits
ek e an b Weight-transformation of input data handles
?3923 sample outliers, cf. Miesch (1970)
ﬁ»}«ga;m EMMA crashes when limits set too high
The function evaluates the last valid weight
ua B transformation limit |,
o’ g e Use a loop to iteratively approximate |, max
far n 1:20)
w.test <- te lw(X = X, Approximation progress
lw = seq(from = 1lw.9, Jra—
ii'”;U“U:] I'_ = N)) _,g | &
lw.new = seq(lw.8, lw.n, length.out = n)[c( I.;;.,N
lw.test lw.test$step + 1)] Ed | He
1w.0 ] B
lw.n | 1€ J) =] i
1 3 5 :f 2 11 14 1I7 20
Number of iterations
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dackace functions
mu.phi()
phi.mu()

interpolate.classes()

check.data()

test.Lv()
test.parameters()
EMMA()

test.robustness()

robust.EM()
residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()
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Check , w.:is:lt ’ Test ’ 1:::_
data # g factors P
limit meters

[1]44455555555555555211

dEgE Aged
Get Get
P robust P residual P N;c;:l:l ) )

Explained variance

EMs EM

Test explained variance & get q,,,

Finding the minimum number of factors/
potential end-members relies on the
Kaiser criterion (i.e. R? > 0.95)

The function returns the number of
factors necessary to pass an R*>0.95

Factor efficiency
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085 090 095 100
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Number of factors (g)

Get
uncer-
tainty
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mu.phi()

phi.mu()
interpolate.classes()
check.data()

test.1lw()

test.parameters()
EMMA()

test.robustness()

robust.EM()
residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()
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Check , Welght ’ Test
data limit factors
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Overlapping end-member loadings
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Test
para-

meters

AP E AYefa (]
Get Get

P robust P residual P “2‘::' ) )
EMs EM

Infer parameter influence & get q,_,

Test influence of combinations of g and |,
on diverse measures of model goodness
(e.g. mRt, mRn, mRn, mEm, mEn).

Infer number of overlapping end-member
loadings

Infer maximum number of end-members

Explained variance {Ral) Explained variance {Rzl)
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Get
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mu.phi()

phi.mu()
interpolate.classes()
check.data()
test.1lw()

test.Lv()

EMMA()

test.robustness()

robust.EM()
residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()
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INTRODUCTIOw : ”
Test Test et Get e
Check Test Model

P weight P D para- P robust P residual P Y uncer-

ol gas limit A meters EMs EM e tainty

OETAILS

Test and extract robust end-members

Run all parameter combinations and extract
only robust ones (given by mode limits)

Further threshold parameters: ol and R2

Mode positions/ loadings

Rt j 3 ge g 2 |
T
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Dackare function:
mu.phi()

phi.mu()
interpolate.classes()
check.data()
test.1lw()

test.Lv()
test.parameters()

EMMA()

residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()
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The way of EMMA
iNTRODUCTIoN
SHerk Test Test Test Get Get Model Get ackag
QO d:t(; P weight ) fa::zrs D para- P robust P residual P dot: P uncer- nphiO)
i limit meters EMs EM = tainty ¥
phi.mu()
OETA"-S interpolate.classes()
g S & e R Retrieve the residual end-member check.data()
Q : olot(NA, Robust, unscaled end-members (Vgn) are test.lw()
main = "End-member loadings", i not able to cover the entire data variance
xlab = ex i.:;--..-c 5 :.:. n{ ;"--I ‘ ' '.I-"n size (', test. LV()
ST & "Lasdings EVol AT The residual end-member aims to describe
APPHCA"ONS eldiony this portion of “open” variance testepaconctersl)
EMMA()

End-member loadings (unscaled)

test.robustness()

i n ¢ . S robust.EM()
aUTL00K
Mgs.uncertainty()
3 7 create.EM()
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Grain size (¢)

mix.EM()
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Test Get Get Model Get
para- 3 robust P residual P " Y uncer-
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Model the data with robust loadings

EMMA() can be run with intrinsic or user-
defined end-members (Vagn).

This allows to include both, robust and
residual end-member loadings.

End-member loadings
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Contribution [%]
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mu.phi()

phi.mu()
interpolate.classes()
check.data()
test.1lw()

test.Lv()

test.parameters()

test.robustness()

robust.EM()
residual.EM()
Mgs.uncertainty()
create.EM()

mix.EM()
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Test
Check :
dota , wgaug-ht )
limit
End-member loadings
g

Classes

10

Test
factors

Sample ID

15 20

10

rEM 1

Estimate uncertainty of Mqs and Vqgsn

End-member scores, |, =0

rEm1

rEM 1

EM,,

P2 R-package AgeC
Test Get Get Model Get
para- § robust P residual P . P uncer-
meters EMs EM s tainty

Monte Carlo runs allow to estimate end-mem-
ber scores uncertainty, varying number of end-
members and weight transformation limits.

The robustness test contributes uncertainty
estimation for end-member loadings.

data autocorrelation can be implemented

End-member scores, |_ = [0, ..., |, max]

=

15 20

Sample ID
10
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fEM1  rEM1  rEM1 EM,,
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mu.phi()

phi.mu()
interpolate.classes()
check.data()
test.1lw()

test.Lv()
test.parameters()

EMMA()

robust.EM()

residual.EM()

create.EM()

mix.EM()
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The EMMA algorithm

INTRODUCTIDN Rescale data matrix X to constant sum c.
Weight tranformation after Miesch (1970).

Similarity matrix calculation (outer product).

Eigen space extraction.

l . Q Varimax rotation of the eigen vector matrix Vf.

Extract and sort (decreasing) factor loadings and write them to matrix Vq.
Rescale (Vgr) and normalise (Vgn) the factor loadings column-wise.

Calculate factor scores matrix (Mg) by non-negative least square fitting of Vign and

O . transposed row-wise weight-transformed data W.

Model the dataset (Wm) as the inner product Wm <- Mg %*% t(vgn)

Rescale the factor loadings matrix Vign to Vgsn. apply(Vgn * unname(1s[,2] 1s[,1]), 2, sum)

oUTLO0K Erc.

-~ ; Iy({t(t{Mg)
Rescale factor scores (Mg) to matrix Mqs and calculate variance explanied by scores. UL

sum(diag(var

Evaluate measures of model goodness.

after Dietze et al. (2012)
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Lake high-stand deposits

Lake high-stand sediments in onshore
terraces at Lake Donggi Cona, north-
eastern Tibetan Plateau allow a
detailled view into the lake history.
End-member modelling of grain-size
samples allowed identification and
quantification of sediment delive-
ring processes. A normalized diffe-
rence between the finest and
coarsest end-members was calcula-
ted as a proxy for relative lake-level
change.

The interpreted processes are high-
energy fluvial transport, low-energy
unconfined flow, proximal dust,
remote dust and lacustrine suspen-
sion load (EM 1to 5, respectively).

“‘__"g

-~

End-member loading [Vol. %]

End-member loadings of high-stand sediment grain size samples.
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Alluvial sediments

5.1+ 0.5 cal. ka BP
Lake sediments

post-depositional
cryoturbation
9.240.5 cal. ka BP

Lake and littoral
sediments alternate
o with fluvial gravels

Alluvial or littoral
sediments?

10.0 £ 0.5 cal. ka BP
Near-shore and
littoral sediments

9.8 £ 0.5 cal. ka BP

Alluvial gradin
10.9 £ 0.4 cal. ka BP
Near-shore sediments

Fluvial sediments

r T2 y
Complex stratigraphy with post-depositional alterations. Generalised section stratigraphy.
Age PDG

Grain size [pm] ead ka 8P
10

Samples

—H—EM1:59%
EM 2:24.0 %

—h—EM 3: 263 %
EM 4:16.5%

—h—EM5:27.3%

- kol | MO [
: BRORE & £ § E & B

End-member scores and normalized difference of EM 2 and EM 5 in relation to section characteristics.

Dietze et al. (2013)
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Accretionary soils

Cima volcanic field, eastern Mojave

INTRODUUIDN Desert, USA, hosts dissected lava

flows with soil-sediment-complexes

Grain size class boundary [pm]
2000 1000 500 250 12580 50 20 10 5 2

of aeolian origin, covered by stone . i . I Ri. l
) 69 ' ' = fown g B R B 11T 8 e |
za\llements’ ibuti 284 mas.l. 900 m a.s.l. 1748 m a.s.l. oy = e o _ ’:
van r ntri n e
e e' ant ‘p l:ucs‘:sses contribut g' to = EM 1 (30.8 %)
profile thickening are accumulation = wi EM 2 (18.4 %)
of dune sand, proximal dust and s R EM 3(154.90)
4 ) 5 EM 4 (20.0 %)
OETAH.S remote dust as well as admixture of £ o —4= EM 5 (15.7 %)
local detritus and enrichment of pe- g -
dogenicclay (EM 1to 5, respectively). 2
. 3 -
.Q These processes are identifed by -
: . EMMAgeo, based on 104 samples =
with 16 classes and show a robust
0 2 4 6 8 10
result even for a comparably poor Grain size class boundary [¢]
sample resolution. Cima volcanic field, a set of 40 cinder cones and lava flows downwind a prominent dust source. End-member loadings and class-wise explained vairance.
APPleTlONS Profile photograph Profile sketch Grain size fractons [%)] EM scores [%] CC %] EC [msfom] pH value

o=

e . ; . |
g 2 o E Wil
|
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Dietze et al. (2011)
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How to access the R-package EMMAgeo
http://tu-dresden.de/Members/micha.dietze/EMMAgeo
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Home = Members » Micha Dietze's Home » EMMAgeo

The foundations of the package
Weltje GJ. 1997. End-member modeling of | Nomerace sumAcEe

eaching

compositional data: numerical-statistical 0 i page ovewview

algorithms for solving the explicit mixing
problem. Mathematical Geology 29:
503-549.

Dietze E, Hartmann K, Diekmann B, lJmker
J, Lehmkuhl F, Opitz S, Stauch G, Wiinne-
mann B, Borchers A. 2012. An end-member

algorithm for deciphering modern detrital
processes from lake sediments of Lake
Donggi Cona, NE Tibetan Plateau, China.
Sedimentary Geology 243-244: 149-180.




