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quaring the Circle’
Try to do something very difficult or impossible

lucidating the Significance of Attribute Stat:
ariation

How to illuminate the various interactions at various states of key
attributes

rtificial Neural Networks
What are they?



t of very dense, complex local networks

IS a S€




nReEuron ceil poay
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nucleus

axon of 45 “,.f-’—
7 axon

previous

neuron |
neuron cell body \ y, \
nucleus \

dendrites of
next neuron

nps

electrical

. \ \ signal

dendrites

as a cell body, a branching input structure (the dendrite) and a
ranching output structure (the axon)

Axons connect to dendrites via synapses
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Ine-learning algorithms that identify data patternsand per
ecision making in a manner imitating cognitive functionalit

‘Learning’ (analogousto problem solving) Is.
v adaptive - knowledgeisaltered, updated, & stored (via weights)

v’ iterative - examplesto generalizations

‘“Universal approximators — can discover & reproduce any

(linear / non-linear) trend given enough data & computational
(processing) capability

v No expert knowledge requir ed

v Few (if any)‘formal’ assumptions- i.e. Gaussian requirements, etc.

Disadvantage - (superficially ? ?) lack a declar ative knowledge
structure

v, a‘Rlack Ray’ (i e na alobal eariation)



Early Days: Interested in “Model Accuracy”

Data Collection

Accuracy Attribute



Start

N —

Database
(Pre-Process Inputs
& Output)

Desired Output

Fori=1to N (¥ of models investigated)

Initialize ANN Estimated Output
(#Ncurons, #Layers, B ANN Model
Weights, etc..)

A T Adjust Parameters

Yes

Training Algorithm <

No
Yes,i=i+1
1 ] .\'I ot oSt o i ¥
Final ANN Model clec &*\\l;rform "% | &
b No

v



Black Box

Internal behavior of the code is unknown

KNOWLEDGE EXTRACTION defined:

is the creation of knowledge from
structured (relational databases, XML
and unstructured (text, documents,
images) sources
[https://en.wikipedia.org/wiki/]

Knowledge Extraction
Symbolic Rules

—> Artificial Neural Network

Knowledge Based
Model

Define
Mechanist

Sensitivity Analysis

Knowledge based from
1% Principles
“True Process”




Multiple Variable Interactions while looking at various states!

Our drive to Mechanistic Model: Grey Box => WHITE BOX

4 Inputs White Box Model Output
X - T ;
X >
X > > Y
™
* o .
. | P L T
2 x >
.'9 Inputs Grey Box Model Output
7)) —
j X >
2 : >
o : — >
. .
™~
g— X, >
o Inputs Black Box Model Output
X >
X, i
o
4
L ]
\ ﬁ
>




se River & Esttm

Eamlico
Sound

nal
Forest

Variable Behavior

—~
n
~—
=
=]
o
—
=]
O

1st ATTEMPT:

 Included all attributes collecte«
e Sensitivity about the means

 Found many limitations to
current method

How are we to explain a more
complex situation?

Network Output(s) for Varied Input Saturates

— %Inhibition



| nher Outer

14.0/5.09 40.5/13.66

1,554 1,217
3) 7.01 16.63

58 - River mouth to
L ake proper

43°50°N

43° 40°N

Multiple Stressor Program (2008 - 201

|
I

Sampling
® 1990-!
2003-;

A 2008-2

§” Bathymetric contours
Saginaw River | in 5-m intervals
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MLP - 1 Hidden Layer of 4 Processing Elements

gical Predictors: °C, Sechhi, K4, Cl, NO3;, NH,4, SRP, TP, SIO,, PSIO,, DOC, |

Training (n = 586)
r =0.79 (p < 0.0001)
MSE /NMSE =10.69/0.39

Cross Validation (n = 146)
r =0.85 (p < 0.0001)
MSE / NMSE =4.89/0.27

457

1:1

e C 18-

27

36 45

36-

27"

® Test (n = 244)
r = 0.89 (p < 0.0001)
MSE / NM SE = 8.08/ 0.25

Measured Chlorophyll a (ng L)



1Ly NTOWICTUECT CALIALLIUIT 1 UX

Neural Interpretation Diagram

Decomposition method to visual

Determine significance of input variables

Based on the magnitude of interconnecting weights

Connected Weights

Decomposition method that uses weights of an ANN to
determine:

Input Significance to model

Nodes Significance to ANN
Procedure

Calculate “connected weights” for all possible paths of the network
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positive (excitatory) weights

3.57
=528
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=1y
=. 2.17
N’
S
= 141
U 0
<
0.7 1
0.0-
mQNm'ﬂq ﬁ-oo—nu
S O X = & S
2232z ©Z &8,2

Garson’s Algoritthm
Relative Shar e of Prediction

DOC °C
POC 9% 9% Secchi
11% 6%

Py

PS O,
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Symbolic Knowledge Extr
Technique

Uata points Most commonly used dec
tree induction algorithm —

(Quinlan)

Recursive partitioning of t
data

Drawback: Amount of da
reaching each node decre
with the depth of the tree

+ Whichone?

Alternative: TREPAN




TREPAN

If data<min. sample size,

000:0 o
Membership Query to %o
Oracle %% ®

?racle Py

0e® @ (<} Ll
o %o 3
Provide network e —
weights and . N
architecture to AT ool
TREPAN °®® *% o
|
snerate a ‘Black |
x" Model (Neural Build a humz_m
stwork) comprehensible model:

Assign Class Label to Decision Tree’

Membership Query




1 New Set of Tools:
itations to Sensitivity:
ANNswere created for “high” and “low” % Crude Oi

ensitiveresultswerevery different

Crude Ol1l <=20% Crude Oil >=50%




D Training; n =151 o
r =0.95, NMSE = 0.10 -~

B Cross-Validation; n =50
r=0.88, NMSE =0.22

) Test; n=49 s
r =0.98, NMSE =0.05 K 4

range of Sensitivit

L ocal Sensitivity

Bl + 1 SD, Common Variat
B + 2 SD. Disturbance Var

5.00 -

3.75-

®SD CHL a
[\
-

1.25-

0.00 -




HL asafunctionof TP & TEMP Half-M aximal Abundance

Concentrations/ Conditions:

""’;’0’ %0 - TP, =518 gL

”’ —~ TEMPs, = 22.6°C
A‘A‘A.AOA{"A e L 4 WndSpd.s.s, = 18.0 km hr-l
. 50 =2 72 A
= 75 \C-U/ .
/100 —
T 125 = .
2 5 I_f:
o
o
)
= 36 A
@)
3
D 18 -
o
o
=
0 .
0 45 90 135 180
Total Phosphorus (m, ug L'l)
1.98 +_(O'03*TP)_ 111.5 1;.3 19l.1 221.9 26l.7
It SE = 0.41Fstat = 29857.36 Temperature (@, 0 C)
2.23 +(0.002* TEMP?) 13.0 15.8 18.7 21.6 24.5
It SE = 1.03Fstat = 6323.88 WndSp dAve-3 (A, km hr'l)

62.16 + (473.88*WndSpd,,..5) - (103.65*WndSpd,y,. 52
NdSpd,,.5?) - (0.82*WndSpd e+ + (0.03*WndSpd,,..
WndSpd,,. ) + (5.80e-6*WndSpd,,..57)
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D CHL ¢ (Standard Deviation) O

[CHLa] = wq- f(x1,y1) + 11, 1 = Wa-f(X2,y2) + I,
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lterations : ANNs Models

CHL a]Grey Box — [CHL a]]st iteration ! [CHL a]an iteration... | MUItlple ANN mOde
CHL @]y iteration + n utilizing 2 variables
time to predict Out

ons: Additive Models Finalized Combined Model

A B
Iteration 1 : : : (0.41*1.16 + 5.0E17* (TEMP®592+5
. (0.72 - 0.01*pH + 0.115*
‘ (0 3 (1~ 1.08*log,opH + e*log
CHL Ggrey pox 133 +225 (70.89 + 12.69*l0g,oCURSPD - 1:

(1~ 13.43*CURSPD + 0.0

.(8.01 - 1.98*10g,oCURDIR - 2.69*
(1 — 0.01*CURDIR + 0.03*

{ (012'

-(006
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ensitivity about Means
Local Sensitivity

Does not consider variable interactions as
states change

eveloped Global Sensitivity

Looks at how variables interact as their stat
change!



o "
x 39
'@h 'g E—“ -é':‘l o E @ o & o
s § § s £ § ¥ § & & £ B8 9z =
! o' Th u! ! Th o' u! Th o' u! u! o' u!
S 3 3 = g2 3 2 3 3 I g 3 I g
[ot_Par 1.00
we WndSpd -0.30 1.00
we WndDir 0.33 -0.19 1.00
\we BP 0.18 -0.21 -0.23 1.00
[ot_Precip -0.28 0.15 0.06 -0.13 1.00
we AmbC 0.43 -0.41 0.64 -0.09 -0.04 1.00
we RH% -0.37 0.12 0.12 -0.29 0.28 0.11 1.00
e CurrentSpd -0.04 0.20 -0.10 -0.25 -0.15 -0.17 -0.26 1.00
Awve_CurrentDir 0.00 -0.03 -0.03 0.04 -0.12 -0.09 -0.24 0.68 1.00
Awe_Urea 0.20 0.20 0.40 -0.15 0.14 0.15 -0.03 -0.12 -0.06 1.00
Awe WatC 0.35 -0.26 0.43 0.03 0.08 0.83 -0.04 -0.26 -0.16 0.21 1.00
Ave P5SU 0.30 0.15 0.55 -0.02 0.12 0.38 0.03 -0.43 -0.42 0.50 0.50 1.00
\we_pH -0.19 -0.02 -0.21 -0.26 -0.11 -0.32 0.01 0.49 0.40 -0.40 -0.47 -0.73 1.00
e Turb -0.18 0.03 -0.12 -0.09 -0.05 -0.26 -0.17 0.48 0.23 -0.05 -0.28 -0.24 0.24 1.00

- — —
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Normal Curve

Standard Deviation Each Variable has its o
distribution of values (!

Impact of Correlation o
Behavior

Secchi TSS TP TDP SRP NH4 NO3 CL Sol Si POC DOC
1.57 -0./0 -0.98 -048 -0.25 0.02 -0.02 -0.57 -0.16 -1.16 -0.80
053 -0.67 -0.59 -0.04 -0.14 009 041 -0.02 -0.40 -0.79 0.04
-0.1/ -0.08 -0.16 -0.11 -0.09 -0.09 -0.04 -0.14 -0.09 -0.26 -0.14
-040 -0.02 014 0.13 004 -0.26 -0.24 -0.16 039 035 -0.06

-068 050 031 -0.37 -0.06 -049 -035 -0.06 0.20 0.87 0.15
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Network Output(s) for Varied Input TP

y = 0.1604x1%

[« ¥ S . W et -

Significant difference
Global versus Local

20

§
V. 27T0O0

. ]
n

18 27
Varied Input TP

36

*

Sensitivity

- Power (SB TP)

Network Output(s) for Varied Input Secchi

y =-7.938In(x) + 12.678
R*=0.927



Local (Means) Sensitivity
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Sensitivity: State Based versus Means

®m Chl_a 1 std dev

PON B

mSB Chl a1 std de
J‘J‘J]L“].IJJ J.I -
BRISRREEE8C8ERE8E3 -
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= <3z B o v
2 z 3
Input Name
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23.00
538
Ave_pH 5.34
20.00 - .
830
750 SBANNCchIO 5.26
- 822
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X —T750 29.00 8.14
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$ — 1.3 w000
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Impact 1st Iteration

Y7 b
6.2 49932 1.208
6.5 B.BI7B 0.
15.9 12,6408
58 55323
54 129518
1.7 53084
6.6 57440

6.2293

5.6523
5.4937
7.1795
6.0184




ANN IORS Surface ANN IORS Surface

5000 ™15:00-20.00
1500  ®10.00-15.00
1000 o5 00-10.00 e 400
3 5.00 S 2.00
i 0.00 =0.00-5.00 £ 0.00
<
]
w2

14376.88
12406.34
10435.81
8465.28
6494.75

wve_WndSpd Tot_Precip

ANN IORS Surface

m5.00-10.00

®m0.00-5.00

0.00 | = -5.00-0.00

-5.00 ®-10.00--5.00

SBANNCchlit2

SBANNCHLA4it
88.02
83.08
78.14
73.20
68.26

POIW

296.07

Ave_RH%

Ave_PSU Ave_AmbC

Ave_CurrentSpd

242.07

ANN IORS Surface

188.06

Ave_CurrentDir

™ 12.00-14.00
®10.00-12.00
m 8.00-10.00
m6.00-8.00
m4.00-6.00
m2.00-4.00
m0.00-2.00
=-2.00-0.00

134.05

2.00
0.00
-2.00
-4.00
-6.00
-8.00
-10.00
-12.00
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rey Box: Deviations still high versus ANN
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ssible Improvements — more detail breakdown i
viations



more errort to develop and investigate new Iid

i State Based 3

Sensitivity

Machine-
learning
analytics

achine-learning algorithms capable of autonomously unearthing anc
eproducing complex patterns within sizeable data quantities afford gt
otential for fueling ecological hypothesis creation and ‘intelligent’
nowledge derivation



