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THE
M

ISSISSIPPIRIVER
VALLEY

ALLUVIAL
AQUIFER

A
S

PA
R

T
O

F
A

R
E

G
IO

N
A

L
W

A
T

E
R

A
V

A
IL

A
B

IL
IT

Y
ST

U
D

Y,
the

U
.S.

G
eological

Survey
(U

SG
S)

is
com

prehensively
studying

and
m

odeling
the

M
ississippiR

iver
Valley

allu-
vialaquifer

(M
RVA

)
and

associated
hydrogeologic

units
in

and
near

the
M

ississippiR
iver

alluvial
plain

(M
A

P,
fig.

1,
https://w

w
w

2.usgs.gov/w
ater/low

erm
ississippigulf/m

ap/index.
htm

l).

Figure
1.

Cross-sectionalview
ofassociated

hydrogeologic
units

to
the

M
ississippiRiver

Valley
alluvialaquifer(M

RVA)w
ith

post-developm
entflow

(2006)conceptualw
aterm

ove-
m

ent(Clark
and

others,2011,fig.10).

The
study

is
being

done
in

cooperation
w

ith
m

ore
than

10
local,State,and

Federalstake-
holders

(https://w
w

w
2.usgs.gov/w

ater/low
erm

ississippigulf/m
ap/partners.htm

l).
A

key
part

ofthe
study

is
the

system
atic

evaluation
ofw

ater-leveldata
and

w
ell-inventory

inform
ation

by
using

the
science

ofinform
atics—

the
system

atic
processing

and
storage

ofdata
forsub-

sequentretrievaland
use.The

history
ofw

ater-leveldata
collection

in
the

M
RVA

islong
and

com
plex.D

ata
synthesisiscom

plicated
by

inconsistentdata
m

anagem
entpracticesthathave

changed
over

tim
e;there

are
appreciable

data
com

pleteness
and

consistency
issues

to
over-

com
e.

Large
changes

in
inform

ation
acquisition

and
storage

practices,ranging
from

analog
to

digitalm
ethods

in
the

pastcentury
furthercom

plicates
data

syntheses.
D

ata
consistency

issues
can

hinderstakeholderability
to

m
ake

inform
ed

m
anagem

entdecisions.
The

M
A

P
is

an
alluvial

plain
extending

beyond
the

historic
floodplain

of
the

M
issis-

sippiR
iver

and
other

proxim
alstream

s
(fig.1).

The
M

A
P

is
an

extensive,flatplain
and

a
m

ajorphysiographic
feature

spanning
in

parts
ofseven

states
(A

rkansas,Illinois,K
entucky,

Louisiana,M
ississippi,M

issouri,and
Tennessee

[fig.2]).The
northern

and
centralsections

ofthe
M

A
P

m
ostly

are
used

forintensive
production

agriculture,and
prim

ary
crops

include
cotton,rice,and

soybeans.
Severalcities

and
com

m
unities

include
Jonesboro,Little

R
ock,

and
Pine

B
luff,A

rk.;B
aton

R
ouge

and
M

onroe,La.;C
ape

G
irardeau

and
PoplarB

luff,M
o.;

C
larksdale,G

reenville,Yazoo
C

ity,and
V

icksburg,M
iss.;and

M
em

phis,Tenn.
The

M
RVA

(https://pubs.usgs.gov/ha/ha730/ch_f/F-text2.htm
l#m

issRV
)

directly
under-

lies
the

M
A

P
(fig.1)and

extends
southw

ard
from

the
head

ofthe
“M

ississippiEm
baym

ent”
and

m
erges

w
ith

the
coastallow

lands
aquifer

system
band

of
sedim

ents
in

low
-lying

areas
parallelto

the
G

ulf
C

oast.
The

M
RVA

spans
nearly

33,000
square

m
iles

and
ranges

from
about75

m
iles

w
ide

nearthe
latitudes

ofM
onroe

orV
icksburg

to
about120

m
iles

w
ide

near
the

latitude
ofLittle

R
ock.M

any
w

ells
have

been
drilled

into
the

M
RVA

(fig.2).

Figure
2.

M
ississippiAlluvialPlain

LevelIIIEcoregion
(3.22

kilom
eterbuffer)and

w
ells

colorcoded
by

unique
years

represented
w

ithin
dates

ofw
ater-levelm

easurem
ents

across
various

agencies
w

ithin
the

M
ississippiRiverValley

alluvialaquiferthrough
April2017.

Sand,gravel,silt,and
m

inorclay
depositsofQ

uaternary
age

m
ake

up
the

aquiferin
east-

ern
A

rkansas,northw
estern

M
ississippi,northeastern

Louisiana,and
also

extend
to

the
G

ulf
C

oastin
southeastern

Louisiana
(fig.2).Forpurposes

ofthis
study,the

extentofthe
M

RVA
isam

biguousand
lim

ited
to

the
region

encom
passed

by
groundw

aterw
ellsin

U
SG

S
database

inventory
classified

as
M

RVA
,and

the
M

ississippiA
lluvialPlain

LevelIII
Ecoregion

(U
.S.

Environm
entalProtection

A
gency,2013)is

used
herein

forhorizontalvisualization.
M

RVA
hydrology

is
greatly

influenced
by

the
stream

s
and

rivers
incising

it
(fig.

1).
W

hen
a

stream
incises

the
M

RVA
,the

stream
m

ay
recharge

the
M

RVA
,or

the
M

RVA
m

ay
discharge

to
the

stream
.Large

groundw
aterw

ithdraw
als

have
resulted

in
long-term

declines
ofw

aterlevels
in

som
e

areas
and

have
reduced

M
RVA

discharges
to

the
stream

s.

USGS
Groundw

aterDatabase
and

Furnished
Records

W
A

T
E

R-L
E

V
E

L
D

A
TA

currently
are

(
c
i
r
c
a

D
ecem

ber2017)available
forthe

M
RVA

and
com

prisessom
e

1
8
,
8
8
3

w
e
l
l
sw

ith
2
7
5
,
9
4
7

m
e
a
s
u

r
e
m

e
n

t
s.Forthisstudy,a

m
easure-

m
entis

either
a

discrete
m

easurem
entof

w
ater

levelor
a

daily
m

ean
value

com
puted

from
hourly

orsub-hourly
data.

These
18,883

w
ells

are
currently

classified
in

m
etadata

as
repre-

senting
the

M
RVA

and
w

hose
database-stored

locations
are

w
ithin

the
M

ississippiA
lluvial

Plain
LevelIIIEcoregion

region
(fig.2).

M
RVA

w
elldata

are
stored

in
the

U
SG

S
N

ationalW
ater

Inform
ation

System
(N

W
IS)

servers
(U

.S.G
eologicalSurvey,2017)and

w
ere

collected
during

the
pastcentury

in
partby

the
U

SG
S

and
im

portantly
in

large
partby

num
erousotherlocal,State,and

Federalagencies.
R

ecords
from

otheragencies
w

ithin
the

U
SG

S
N

W
IS

database
are

referred
to

as
“furnished

records.”
These

furnished
records

to
the

U
SG

S
are

invaluable.
Figure

2
illustratesthe

considerable
variation

in
spatialdensity

ofw
ellsw

ithin
the

inven-
tory

and
illustrates

thatdisparate
am

ounts
ofw

ater-leveldata
available

fora
given

w
ellover

tim
e.

For
a

large
num

ber
of

w
ells

only
a

single
m

easurem
ent

is
available.

A
ggregation,

preparation,analyses,and
synthesesofM

RVA
w

ater-leveldata
forthe

greaterregionalw
ater

availability
study

encounters
severalchallenges:

1.C
entralized

oversightofdata
is

needed
to

ensure
thatthe

aggregated
database

contains
reliable

inform
ation

thatcan
be

used
w

ith
confidence

to
prepare

data
products

and
inter-

pretive
reports;

2.D
ocum

entation
ofhistoricaland

currentgroundw
ater-levelconditions

is
param

ountat
both

regionaland
localscales;and

3.A
generaland

persistentregionalgroundw
ater-levelm

onitoring
netw

ork
and

program
forthe

M
RVA

is
lacking.The

use
ofinform

atics
could

help
develop

such
a

netw
ork

at
the

necessary
spatialand

tem
poralresolutions.

The
com

prehensive
study

of
the

M
RVA

w
ater-level

data
using

inform
atics

can
help

address
these

challenges,offerm
itigation

strategies,and
provide

a
com

m
unication

basis
to

foster
synergy

betw
een

database
experts,U

SG
S

and
other

hydrogeologists,and
seam

lessly
supportinterests

ofthe
m

any
data-acquisition

agencies
and

otherstakeholders.

�•��
Data

anom
alies

potentially
representerroneous

inform
ation

and
hinderscientific

study—
Objective

large-scale
identification

ofsuch
data

is
the

prim
ary

focus
ofgroundw

aterinform
atics

forthe
M

RVA.��•�

GROUN
DW

ATER
W

ATER-LEVEL
IN

FORM
ATICS

I
N

FO
R

M
A

T
IC

S
involves

the
science

and
practice

of
i
n

f
o
r
m

a
t
i
o
n

p
r
o
c
e
s
s
i
n

g
(https://w

w
w

.
m

erriam
-w

ebster.com
/dictionary/inform

atics).
For

this
study,

the
use

of
inform

atics
encom

passes
enterprise-scale

database
access

and
m

anipulation,geographicalinform
ation

system
(G

IS)
processing,and

com
putational

statistics.
Inherently,inform

atics
is

iterative.
The

detection
of

anom
alous

data
is

only
a

part
of

the
process—

A
fter

a
data

anom
aly

is
identified,itm

ustcarefully
be

review
ed

by
U

SG
S

database
and

subjectm
atterexperts,and

close
scrutiny

oforiginalfield
notes

is
crucial.

C
om

m
unication

w
ith

localstakeholders
and

data
m

anagersisofparam
ountim

portance
to

achieve
data

integrity.M
itigation

forerroneous
data

can
include

(1)revising
data

ifpossible,(2)identifying
such

data
using

additionaldata
descriptors(flags),and

(3)reclassifying
the

data
asnotconsistentw

ith
the

M
RVA

hydrogeo-
logic

fram
ew

ork.

Anom
alous

Data
Identification

G
R

O
U

N
D

W
A

T
E

R
IN

FO
R

M
A

T
IC

S
FO

R
T

H
IS

ST
U

D
Y

are
based

on
the

R
language

(R
D

evel-
opm

ent
C

ore
Team

,
2017)

and
specialized

add-on
packages

of
kernlab

and
mgcv

(K
aratzoglou

and
others,2004;W

ood,2017).M
RVA

inform
aticscurrently

(D
ecem

ber2017)
are

focused
on

visualization
of

tim
e-series

data
along

w
ith

m
etadata

for
individual

w
ells

(w
ellhydrographs)

in
conjunction

w
ith

tem
poraloverlap

of
data

from
nearby

w
ells.

From
the

tim
e-series

data,analyses
oftem

poraltrends
are

m
ade.

Statistics
ofthe

tim
e-series

data
can

then
be

used
for(1)visualization

ofspatialpatternsand
trendsthroughoutthe

M
RVA

and
(2)subsequentspatialanalyses.A

nom
alous

data
are

referred
to

as
“outliers,”

and
tw

o
types

of
outliers

described
are

t
i
m

e
-
s
e
r
i
e
s

o
u

t
l
i
e
r
s

(m
easurem

ent
outliers)

and
s
p

a
t
i
a
l

o
u

t
l
i
e
r
s

(“out-of-place”
w

ells).
A

hydrograph
forw

ellU
SG

S:331745090260401
isshow

n
(figure

3)along
w

ith
the

con-
struction

(com
pletion)

data
for

this
w

ell.
The

data
from

w
ellU

SG
S:331745090260401

in
conjunction

w
ith

data
from

asm
any

as40
neighboring

w
ellsw

ithin
10

kilom
etersofthisw

ell
are

show
n.A

g
e
n

e
r
a
l
i
z
e
d

a
d

d
i
t
i
v
e

m
o
d

e
l(G

A
M

),w
hich

is
a

type
ofcurvilinearregression

(W
ood,2006),depicts

a
trend

analysis.The
G

A
M

also
is

configured
to

evaluate
seasonality.

(Thisparticularw
elldoesnothave

detectable
seasonal(trigonom

etric)term
sin

itsG
A

M
.)A

s
u

p
p

o
r
t

v
e
c
t
o
r

m
a
c
h

i
n

e
(SV

M
),w

hich
isa

type
ofm

achine-learning
and

classification
tech-

nique
w

ith
an

analog
form

ulation
to

regression
(Steinw

artand
C

hristm
ann,2008),depicts

another
trend

analysis.
A

range
of

sum
m

ary
statistics

are
com

puted
for

the
data

including
num

berofobservations,period-of-record
m

inim
a

and
m

axim
a,decadalm

eans
and

standard
deviations,and

K
endall’s

Tau
testform

onotonic
trend

in
tim

e.Fordiscrete
statisticalanaly-

ses,tim
e

filters
could

be
used

to
restrictanalyses

to
specific

years
and

(or)seasonal-specific
m

onth
ranges.

R
esiduals

from
G

A
M

and
SV

M
w

ere
com

puted,
and

potential
outliers—

residuals
exceeding

atleast6
feet(ft)

and
sim

ultaneously
exceeding

the
99th

percentile
of

the
pre-

dicted
standard

error
of

fit—
w

ere
identified.

O
ne

outlier
exists

(figure
3)

and
w

as
identi-

fied
by

both
G

A
M

and
SV

M
.This

outlier
is

about
7
0

f
t

d
i
f
f
e
r
e
n
tfrom

other
values

for
the

w
elland

thus
is

inconsistentw
ith

neighboring
data.

C
urrently,allw

ells
w

ith
atleastone

such
outlierthatare

defined
w

ith
a

residual
>
±

20
ft(m

ore
than

20
ftin

m
agnitude),such

as
U

SG
S:331745090260401,are

identified
for

further
scrutiny

by
U

SG
S

database
experts

and
hydrogeologists.

W
ells

having
atleastone

outliers
are

show
n

in
figure

4.
There

w
ere

36
w

ells
by

G
A

M
and

80
w

ells
by

SV
M

.M
easurem

entoutliers
though

require
tim

e-series
data

foridentification.
Insufficienttim

e-series
data

often
is

a
problem

form
easurem

entout-
lieridentification.

Figure
3.

Hydrograph
ofw

ellUSGS:331745090260401
show

ing
w

ater-levelm
easurem

ents,
m

easurem
ents

atneighboring
w

ells,m
etadata,and

outlierdetection
(residual>

±
20

feet
as

ofApril2017)by
both

generalized
additive

m
odel(GAM

)and
supportvectorm

achine
(SVM

)trend
lines—

W
elllocation

is
show

n
in

figure
4.

OUTLYIN
G

M
EASUREM

EN
TS

AN
D

OUTLYIN
G

W
ELLS

F
IG

U
R

E
S

4
A

N
D

5
are

distinctdepictions
of

w
ells

w
here

som
e

of
the

m
easurem

ents
are

outlierscom
pared

to
otherm

easurem
entsm

ade
atthatw

ell(
t
i
m

e
-
s
e
r
i
e
s

o
u

t
l
i
e
r
s)orthe

m
easurem

ents
for

the
w

ellin
aggregate

are
outliers

in
relation

to
the

m
easurem

ents
from

neighboring
w

ells
(
s
p

a
t
i
a
l

o
u

t
l
i
e
r
s).

Figure
4.

W
ellinventory

and
w

ells
w

ith
10

orm
ore

w
ater-levelm

easurem
ents

suitable
for

tim
e-series

trend
analysis

(as
ofApril2017)and

tw
o

types
of“tim

e-series
outliers”

(resid-
ual>

±
20

feet)w
ithin

the
M

ississippiRiverValley
alluvialaquifer—

A
hydrograph

forw
ell

USGS:331745090260401
is

show
n

in
figure

3.

A
prem

ise
is

thatthe
m

inim
um

w
ater-levelforthe

period-of-record
is

inform
ative,and

its
use

com
pensates

for
great

variation
in

data
availability.

Spatially,
these

m
inim

a
w

ere
estim

ated
using

a
tw

o-dim
ensional

G
A

M
(2D

-G
A

M
),w

hich
is

a
“surface

estim
ator”

that
uses

the
A

lbers
EqualA

rea
projection

coordinates
ofthe

w
elllocations.The

2D
-G

A
M

also
produces

predicted
standard

errors
offit.

This
surface

is
notshow

n
in

figure
5,butinstead,

a
color

schem
e

by
w

ellis
used

to
representthese

m
inim

a
(actualdata

ranges).
The

resid-
uals

of
the

2D
-G

A
M

surface
w

ere
com

puted,a
rank-ordering

of
these

residuals
review

ed,
and

thresholds
of

>
+

35
ftand

<
�

70
ftheuristically

determ
ined.These

thresholds
identify

58
outlying

(>
+

35
ft)and

13
outlying

(<
�

70
ft)w

ells
as

show
n.

This
analysis

processes
w

ells
w

ith
a

solitary
m

easurem
ent

and
also

identifies
w

ells
along

the
eastern

edge
of

the
M

RVA
thatm

ightbe
erroneously

classified
as

M
RVA

w
ells.O

n
close

inspection,erroneous
classification

could
existbecause

the
w

ellis
located

in
the

hilly
terrain

eastofthe
M

A
P.

Figure
5.

Period-of-record
m

inim
um

w
ater-levelaltitude

forallw
ells

in
inventory

(16,756
w

ells)w
ith

one
orm

ore
m

easurem
ents

(285,429
totalm

easurem
ents)and

outlying
w

ells
(as

ofAugust2017)identified
by

the
2D-GAM

w
ithin

the
M

ississippiRiverValley
alluvialaquifer.

TREN
DS

—
DECADAL

ESTIM
ATION

OF
W

ATER-LEVEL
ALTITUDE

F
IG

U
R

E
S

6
A

N
D

7
depict

spatial
patterns

in
w

ater-level
altitudes

using
arithm

etic
m

ean
valuesforalldata

in
the

respective
decades.A

ll
1
6
,
7
5
6

w
e
l
l
sin

the
inventory

are
show

n
to

accentuate
spatialdifferences

in
data

availability
betw

een
the

2000
and

2010
decades.

Figure
6.

M
ean

decadalw
ater-levelaltitude

forthe
2000

decade
(January

2000–Decem
ber

2009)based
on

2,533
w

ells
and

32,759
m

easurem
ents

forthe
M

ississippiRiverValley
alluvial

aquifer—
N

ote
the

disparity
in

data
availability

betw
een

states
and

in
areas

ofrapid
change

in
w

aterlevels.

D
ecadalm

ean
w

ater-levelaltitudes
are

usefulforthe
generalization

ofw
aterlevels

by
sm

oothing
the

inherentvariation
of

m
easurem

ents
ateach

w
ell.

A
given

tim
e

period
m

ean
can

com
pensate

forgaps
in

record
and

increase
the

available
sam

ple
size

(w
ellcount)avail-

able
for

spatialanalyses.
For

the
M

RVA
,w

ater
levels

decrease
from

north
to

south
w

ith
a

generalsim
ilarity

ofaltitude
w

ith
longitude

ata
given

latitude.The
2000

decade
(fig.6)and

hasan
obviously

largerw
ellcountthan

the
2010

decade
(fig.7),w

hich
ispartially

attributable
to

aboutanotherthree
years

stillrem
aining

in
the

2010
decade.

Itis
difficultto

discern
sys-

tem
atic

changes
from

2000
to

2010
visually,butgeostatisticalm

ethods
of

contouring
and

attention
m

ade
to

data-rich
parts

ofthe
M

RVA
could

be
used

to
quantify

such
changes.The

tw
o

decades
both

show
pronounced

local
areas

of
depressed

w
ater

levels;
further

review
show

s
these

areas
are

in
regions

of
extensive

irrigation
use

of
the

M
RVA

for
production

agriculture.

Figure
7.

M
ean

decadalw
ater-levelaltitude

forthe
2010

decade
(January

2010–April
2017)based

on
1,370

w
ells

and
23,288

m
easurem

ents
forthe

M
ississippiRiverValley

allu-
vialaquifer—

N
ote

reduction
in

data
availability

com
pared

to
the

2000
decade

show
n

in
figure

6.

LON
G-TERM

M
ON

ITORIN
G

N
ETW

ORK
—

EXPLORATORY
EFFORTS

A
T

W
O-D

IM
E

N
SIO

N
A

L
SV

M
(2D

-SV
M

)w
asm

ade
to

estim
ate

m
inim

um
w

ater-levelalti-
tudes

for
a

period-of-record
from

January
1960–A

pril
2017

(
1
3
,
2
1
8

w
e
l
l
s;

1
4
9
,
1
5
6

m
e
a
s
u

r
e
m

e
n

t
s).

The
prediction

data
w

ere
the

projected
coordinates

of
the

w
elllocations.

The
range

and
spatialpatterns

in
these

m
inim

um
altitudes

are
depicted

in
figure

8.A
green-

shading
schem

e
is

used
w

ith
a

narrow
er

range
than

show
n

in
figure

4
to

accentuate
values

near
the

m
ap

center.
The

root-m
ean-square

error
of

estim
ate

ofthe
fitted

2D
-SV

M
surface

is
R

M
S

E
=

12.3
ftand

the
N

ash–Sutcliffe
Efficiency

is
N

S
E
=

0.966,w
hich

indicatesthata
v
e
r
y

h
i
g
h

p
r
o
p
o
r
t
i
o
n

ofvariation
ofthese

data
can

be
explained

by
the

2D
-SV

M
.

Figure
8.

Exploratory
long-term

netw
ork

identification
through

m
apping

ofthe
m

inim
um

w
ater-levelaltitude

forthe
period-of-record

(1960–April2017)using
a

tw
o-dim

ensionalsup-
portvectorm

achine
(2D-SVM

)—
Because

ofm
uch

record
overlap,num

erically
the

values
in

green
shades

are
sim

ilarto
those

in
figure

4.

A
lso

depicted
are

w
ells

included
in

the
2D

-SV
M

(5,026
supporting

w
ells)versus

those
w

ells
notincluded

(8,192
notsupporting

w
ells).

SV
M

uses
a

rigorous
approach

for
identi-

fying
“redundantw

ells,”
and

identifies
w

ells
w

hose
vectors

supportthe
m

odel.
To

augm
ent

the
description

provided
by

the
2D

-SV
M

inclusion/exclusion,w
ells

included
butalso

w
ith

lastrecord
notless

than
2005

are
show

n
(956).A

“m
odern

w
ell”

is
m

ore
likely

suitable
for

m
easurem

entthan
a

w
ellw

hose
lastyear

of
data

w
as

in
say

1963.
A

m
ore

sophisticated
scoring

system
is

envisioned;
this

system
should

incorporate
other

inform
ation:

seasonal
variations,

hydrogeologic
fram

ew
orks,

feedback
from

num
erical

m
odels,

and
stakeholder

concerns.
W

ells
n
o
t

i
n
c
l
u
d
e
d

b
y

the
2D

-SV
M

could
be

given
a

score
of

3,w
ells

i
n
c
l
u
d
e
d

given
a

score
of2,and

those
i
n
c
l
u
d
e
d

a
n
d

m
o
d
e
r
n

(lastm
easured

in
2005

orm
ore

recently)
given

a
score

of1,w
here

higherscoresare
preferable.A

long-term
m

onitoring
netw

ork
could

be
identified

from
rank

ordering
ofw

ellscores
by

the
2D

-SV
M

as
one

ofothercriteria.

FIN
AL

REM
ARKS

C
O

N
SID

E
R

A
B

L
E

PR
O

G
R

E
SS

has
been

m
ade

by
the

authors
tow

ards
the

construction
ofa

com
prehensive

inform
atics

system
forM

RVA
w

ater-leveldatabase
review

.
Expansive

routines
fordata

m
anipulation

and
subsequentstatisticalprocessing

now
exist.

The
system

has
substantialsum

m
ary

and
visualization

capabilities.
C

om
plex

variations
in

record
avail-

ability
in

tim
e

and
space

are
presentfor

the
M

RVA
.Such

variation
com

plicates
statistical

processing,butnovelw
ays

ofanalysis
using

fam
iliarstatistics,such

as
m

inim
um

s
and

arith-
m

etic
m

eans,G
IS,and

sophisticated
regression-like

m
ethods(G

A
M

s)and
m

achine-learning
techniques(SV

M
s),resultin

identification
and

ranking
ofpotentially

erroneousdata.Lastly,
m

achine-learning
techniquesprom

ise
to

help
identify

individualw
ellsproviding

particularly
inform

ative
localand

regionalw
ater-levelinform

ation
thatm

ightbe
especially

suitable
for

participation
in

a
long-term

M
RVA

m
onitoring

netw
ork.
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