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Abstract

The Sooner Trend in the Anadarko (Basin) in Canadian and Kingfisher counties play primarily produces oil
and gas from Mississippian strata. The interval consists of interbedded argillaceous mudstones and calcareous
siltstones. Such a contrast in rock composition is linked directly to the mechanical stratigraphy of the strata.
Brittle (calcareous siltstones) and ductile beds (argillaceous mudstones) are related to the sequence-strati-
graphic framework at different scales. We have used seismic and well-log data to estimate and map the geo-
mechanical properties’ distribution and interpret the mechanical stratigraphy of rocks within the Mississippian
strata. First, we defined the parasequences that form the main reservoir zones of the Meramecian-Mississippian
strata. Once we established the stratigraphic framework, we estimated and compared rock brittleness index
(BI) using two independent laboratory-based measurements from the core. The first method, the mineralogical-
derived BI, uses mineralogical composition inverted from Fourier-transform infrared spectroscopy analyses,
whereas the second method, the mechanical-derived BI, involves measurements of compressional and shear
velocities from core plugs. We use the data from core-plug velocity measurements along with well logs and an
artificial neural network approach to establish relationships among the geomechanical properties, well logs, and
acoustic impedance values. We then applied these relationships to generate 3D geomechanical models con-
strained to seismic volumes. The resulting grid distributions illustrate the stratigraphic variability of the proper-
ties at the parasequence scale. Overall, brittle strata decrease in thickness and abundance basinward as the
frequency of interbedded brittle and ductile zones increases and gradually transitions into thin calcite-cemented
siltstones and clay-rich mudstones. Analysis of the production performance of selected horizontal wells drilled
within the Mississippian strata indicates that the proportion of brittle and ductile rocks along the well path
drilled and the drilled area vertical stacking pattern play a significant role in hydrocarbon production for these
Mississippian units.

Introduction
Reservoir characterization of unconventional resour-

ces considers the rock composition, texture, thickness,
maturity, pore pressure, and petrophysical and geome-
chanical properties, as well as the volume of hydrocar-
bons present. Several field-scale studies have shown
that unconventional tight reservoirs are highly hetero-
geneous (Suarez-Rivera et al., 2009; Baytok and Pranter,
2013; Miller, 2019). A better understanding of this
heterogeneity helps to accurately define landing zones
in sweet spots and plan hydraulic-fracture treatment.
Furthermore, it provides information to optimize the

drilling process to avoid zones composed of hard and
challenging rock intervals to drill along the well paths.
Brittle and dense formations composed of chert or highly
cemented rocks are challenging to drill because they sig-
nificantly reduce the penetration rate in horizontal wells
(German et al., 2015). Therefore, the estimated bit life-
time is shorter than expected and increases the expenses
and drilling time for infill wells.

On the other hand, brittle rocks break naturally and
produce a better response to hydraulic-fracture stimu-
lation. Brittle rocks can produce from open fracture
networks, hold injected proppant, and remain open
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for extended periods. Wells landed in brittle rock inter-
vals are likely to produce more hydrocarbons when
pressure, oil saturation, and other variables are favor-
able in unconventional shale rocks.

Rock brittleness can be expressed by the brittleness
index (BI), and it is often used in rock mechanics to de-
scribe how likely rocks will break when stress is applied.
This concept has several definitions depending upon the
approach used to define it, including (1) strain-stress lab-
oratory measurements (Altindag et al., 2003), (2) rock-
elastic properties (mechanically derived BI [MEDBI])
(Rickman et al., 2008), and (3) mineralogical composi-
tion (mineralogically derived BI [MIDBI]) (Jarvie et al.,
2007; Wang and Gale, 2009).

The definition and characterization of the geome-
chanical properties within the Mississippian-Meramec
strata are not well documented. Several studies have
defined the stratigraphy and lithology of the rocks in
the northern and eastern Anadarko Basin (Rogers,
2001; Mazullo and Wilhite, 2010; Mazullo, 2011; Mazullo
et al., 2016), and more recent studies have character-
ized the Meramec “Mississippian lime” strata in the
Sooner Trend in the Anadarko (Basin) in Canadian and
Kingfisher counties play of central Oklahoma in terms of
stratigraphy, lithologic composition, chemofacies, petro-
physical properties, and total organic carbon (Price et al.,
2017; Drummond, 2018; Duarte, 2018; Hardwick, 2018;
Hickman, 2018; Leavitt, 2018; Miller, 2018, 2019) (Fig-
ure 1). Hardwick (2018) reports the presence of marine
cement in silt-dominated facies that occludes the pore
space. Miller (2019) describes the effect of cementation
in the variability of petrophysical properties and, conse-

quently, in the reservoir hydrocarbon pore volume. This
study found that chemical cementation was dominated
by calcite and dolomite, followed by quartz and pyrite
minerals. Miller (2019) also reports an inverse relation-
ship between the clay content and chemical cementation
in the rocks.

To expand the information about the geomechanical
properties and mechanical stratigraphy of these Missis-
sippian strata, this study (1) explores the mechanical
stratigraphy and variability of geomechanical proper-
ties of the Meramec strata and their spatial distributions
and (2) relates the stratigraphic variability of the geo-
mechanical properties to the sequence-stratigraphic
framework.

To address these topics, a combination of methods to
estimate geomechanical properties from different data
sources is used along with machine-learning tech-
niques, specifically, artificial neural networks (ANNs)
and geostatistical seismic-constrained reservoir models
to estimate and predict their spatial variation and to
evaluate its implications in terms of reservoir quality
and well-production performance.

Geologic setting
The Anadarko Basin is composed of distinct tectonic

features created after three major orogenic events that
took place from the Middle Devonian to Pennsylvanian
time (approximately 320–390 m.y.), which are the Aca-
dian, Antler, and proto-Ouachita events (Gutschick and
Sandberg, 1983).

As a result of these events, a cratonic platform origi-
nated along the Transcontinental Arch bounded by the

Figure 1. Map of the regional tectonic provinces of Oklahoma and the Texas Panhandle. The study area lies in the Anadarko Basin
(modified from Dutton, 1984; Campbell et al., 1988; McConnell et al., 1989; Johnson and Luza, 2008; LoCriccho, 2012).
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eastern interior, Ouachita, and Antler foreland troughs
and separated into the Madison and Burlington plat-
forms to the northwest and southeast, respectively
(Beebe, 1959; Lane and De Keyser, 1980; Gutschick
and Sandberg, 1983; Ball et al., 1991).

The Burlington platform was located to the east of
the Transcontinental Arch and occupied the northern
portion of the Anadarko Basin. Rocks deposited in this
platform represent rapid, uninterrupted, and prograda-
tional carbonate sedimentation during a transgressive
stage to a highstand position (Gutschick and Sandberg,
1983).

Mississippian rocks were deposited on shallow-
water shelves in an overall southward direction across
shelf-edge, slope, and basinal environments. The top of
the interval is bounded by Pennsylvanian (approxi-
mately 320 m.y.) rocks that form an angular unconform-
ity and become a paraconformity toward the deepest
part of the basin (Beebe, 1959). The base of the section
unconformably overlies the Devonian rocks of the
Woodford shale. Sloss (1963) defines the Mississippian
interval as a second-order transgressive sequence lim-
ited at the base by a minor disconformity and by a
regional unconformity at the top representing the top
of the Kaskaskian sequence. Deposits within this interval
were divided into four series, or ages, which comprise,
from base to top, the Kinderhookian, Osagean, Merame-
cian, and Chesterian (Curtis and Champlin, 1959)
(Figure 2).

The Meramecian series sediments exhibit an even dis-
tribution across the basin with a northwest–southeast
depositional trend that coincides with the strike (Curtis
and Champlin, 1959; Mazullo, 2009). The
thickness of this series ranges between
100 and 900 ft (30–270 m), and often in
northcentral Oklahoma is not thicker
than 100 ft (30 m). The deposition of this
rock series occurred during a marine
transgression in which some of the
Meramecian deposition occurred below
the wave base due to local subsidence
or sheltered waters. Commonly cross-
bedded calcarenites, calcareous sand-
stones, and siltstones are found within
the upper Meramec (Curtis and Cham-
plin, 1959; Price et al., 2020).

Data and methods
Data description

The data include 288 vertical wells
drilled through the Meramec interval
with log data (gamma ray [GR], neutron
porosity [NPHI], bulk density [RhoB],
deep resistivity [RILD], photoelectric
effect factor [PE], and sonic [DT]). We
used normalized GR logs to filter out-
liers of spikes within the well-log data
and carried out a manual inspection of
other logs during the well correlation

process. Likewise, we used information from 10 hori-
zontal wells with production data and a poststack seis-
mic volume of 143 mi2 (370 km2). The seismic data bin
size is 110 × 110 ft (33.5 × 33.5 m) with a frequency
range of 10–60 Hz, and it is standard American polarity.
The data also include two acoustic impedance volumes
(compressional and shear) obtained from an elastic
impedance inversion of a prestacked seismic volume.
We incorporate core descriptions and routine core lab-
oratory measurements (N = 185) from previous studies
(Miller, 2019) and additional descriptions of two core
wells to complete five wells (2066 ft [629 m]) located
in the surrounding area.

Stratigraphic framework
Previous studies showed that the Meramec strata

exhibit vertical variations that allow us to apply the
sequence stratigraphy concepts for unconventional re-
sources (Price et al., 2017, Price et al., 2020; Drum-
mond, 2018; Miller, 2018). We complemented
previous core-based studies with information of two ad-
ditional cored wells (wells A and B) to identify lithofa-
cies, interpret depositional geometries, and describe
sedimentary structures to develop a sequence strati-
graphic framework. To extend the observations de-
scribed in the core, we generated several dip- and
strike-oriented cross sections and used the GR log sig-
natures to define low- and high-frequency cycles inter-
preted as parasequences. These cycles/parasequences
were interpreted as high-frequency regardless of a tem-
poral frame and are defined as three signature types:
(1) increasing upward, (2) decreasing upward, or

Figure 2. Generalized stratigraphic column and type log of the Mississippian
section. The type log shows the interpreted parasequences from 1 to 8 (modified
from Haq and Schutter, 2008).
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(3) serrated (no-change upward). Then, we defined key
surfaces, such as flooding surfaces (FS) and regressive
surfaces (RS), where GR trends changed between the
GR-defined stacked intervals.

The interpreted well tops were matched to four inter-
preted seismic horizons: parasequence 8, 3, Osage, and
Woodford and five conformable surfaces representing
the top of parasequences 7, 6, 5, 4, 2, and 1 within the
Meramec strata. The generated surfaces are structural
maps of the top of flooding surfaces interpreted in well-
log data and divide the Meramec strata into eight para-
sequences. Furthermore, isopach maps were generated
for each parasequence to visualize the stratigraphic
trends and control the interpretation quality.

Mineralogical-derived BI
MIDBI uses the average volumetric composition of

the minerals present in the rock to estimate the BI
values. For the Meramec strata, two methods were used
to calculate the mineralogical composition to compute
MIDBI. The first method, X-ray fluorescence (XRF)
analysis, was run for five cored wells to obtain the rocks
elemental composition (Han et al., 2019). This method
detects major elements such as Si, Ca, Al, K, Mg, and Fe
as well as trace elements (Turner and Slatt, 2016). The

second method, Fourier transform infrared (FTIR)
spectroscopy, was run in 165 core plug samples from
the five cored wells. To obtain the weighted mineral
percentages of the samples (Dang et al., 2013), an inver-
sion scheme was applied for each data set. This inver-
sion predicts the weighted mineral composition of the
rock with a small error and standard deviation (Bal-
lard, 2007).

To calculate the MIDBI, we refer to the equation used
by Jarvie et al. (2007). This equation established a rela-
tionship between brittle and ductile minerals and later
modified by Wang and Gale (2009) equation 1 below. In
addition, we explored the relationship suggested by Jin
et al. (2014) equation 2 below, including calcite and
feldspar as brittle minerals in the rock. The estimation
of the MIDBI shows a strong dependency on the se-
lected equation used in the calculation:

BI1 ¼
quartzþ dolomite

quartzþ dolomiteþ calciteþ clays
: (1)

BI2¼
quartzþdolomiteþfeldsparþcalcite

quartzþdolomiteþcalciteþclaysþtotalorganiccontent
: (2)

MEDBI
We also used the MEDBI estimation defined by Rick-

man et al. (2008). This approach estimates BI using the
geomechanical variables Young’s modulus (YM) E and
Poisson’s ratio v. To calculate these parameters, we first
estimated compressional and shear velocities (VP and
VS) (J. Fu, personal communication, 2019) using velocity
data from ultrasonic pulse transmission measurements in
the core plugs (Mohapatra et al., 2019). Then, we used
equations 3 and 4 to calculate the geomechanical param-
eters (E and υ) and later derived the MEDBI using equa-
tion 5 (Rickman et al., 2008):

E ¼ ρV 2
sð3V2

P − 4V2
sÞ

V 2
P − V 2

s
; (3)

v ¼ V 2
P − 2V 2

s

2ðV 2
P − V 2

sÞ
; (4)

BI ¼ 1
2

�
E − Emin

Emax−Emin
þ vmax−v

vmax−vmin

�
: (5)

The evaluated core plugs represented the defined
lithologies (mudstone, argillaceous siltstone, argilla-
ceous calcareous siltstone, calcareous siltstone, and
silty limestone) within the Meramec wells along a tran-
sect of 38 mi (61.8 km) following the depositional trend
from proximal to distal (Figures 3 and 4).

Figure 3. (a) Regional map with a cross section and the
cored wells surrounding the modeled area. (b) Detailed
map of the study area showing the locations of 288 wells with
wireline logs (GR, NPHI, RhoB, PE, RILD, and DT), as well as
five cored wells and two cross sections.
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Machine learning to estimate geomechanical
properties υ, E, and BI in wells

To estimate the geomechanical properties υ and E in
wells from log data, we used a supervised ANN ap-
proach. ANN models are part of the machine-learning
techniques for artificial intelligence studies (Haykin,
2000). They are composed of a group of interconnected
artificial neurons that work together in an organized
scheme. One characteristic of an ANN is that it learns
by training; therefore, the ANN allows users to bias the
output data resulted from the technique. To improve
ANN results, the training data are split into two parts.
The first part provides the information for the actual
variable training, and the second part is used to esti-
mate the error in the network by comparing the result
with the given target (5%) (Kalogirou, 2000).

Application of ANN for classification and estimation
Two workflows using ANN were attempted to gener-

ate 3D geomechanical models and evaluate the Meramec
strata mechanical stratigraphy. First, we attempted to es-
timate the geomechanical variables (E and υ) using the
core plug data and well logs in a classification approach.
This method computes discrete data (classes or catego-
ries) trained with an input data set (well logs). The out-
put represents the highest probability of the input data
belonging to a particular class or category.

To produce the required discrete data used as input,
we evaluated the statistical data distribution and selected
the percentiles P25 and P75 as end members for the
upper and lower values for two classes
and then split the remaining values into
three categories.

We generate discrete logs with the de-
fined five classes for each variable (E, υ,
and BI) and divide the data set into a
training set composed of 114 samples
and a testing set composed of 23 sam-
ples. The training set used the discrete
well logs to compare themwith their cor-
responding well-log signatures as part of
the training process. After the relation-
ships were established, they were used
to estimate classes within noncored in-
tervals and wells based solely on well-
log responses to generate new discrete
logs as output data. The log suite avail-
able for this process contains the follow-
ing well logs: GR, NPHI, RhoB, PE, RILD,
and DT. At least four different combina-
tions were used in the training of the
ANN: (1) GR, NPHI, RhoB, RILD, PE,
and DT, (2) GR, NPHI, RhoB, RILD,
and PE, (3) GR, RhoB, RILD, and PE,
and (4) NPHI, PE, and GR.

We evaluated the trained and applied
model results for each well-log combina-
tion using a confusion matrix. The con-
fusion matrix compares each variable

output class to the actual core-defined classification
quantifying each model’s prediction performance (Ting,
2011; Allen and Pranter, 2016). The metrics obtained
from this matrix are (1) overall accuracy and (2) user
accuracy. The overall accuracy relates the summation
of all true positive answers to the number of total true
positives in the model. This relation helps to define how
good the whole prediction of the model is. However, the
overall accuracy might omit the error in estimation for
each class. A more detailed quantification is given when
looking at the user accuracy, which estimates the num-
ber of correctly predicted samples of one specific class
and divides it by the total amount of samples of that
specific class (Janssen and van der Wel, 1994).

The second method used to estimate the geomechan-
ical properties was a “regression/estimation” technique.
This method used the actual calculated values of geo-
mechanical properties (E, v) from the core plugs as
continuous variables to predict the values of geome-
chanical properties in the wells without core data. Four
combinations of well logs were used along with the core
data to estimate the values of the geomechanical prop-
erties: (1) GR, NPHI, RhoB, RILD, PE, and DT, (2) GR,
NPHI, RhoB, RILD, and PE, (3) GR, RhoB, RILD, and
PE, and (4) NPHI, PE, and GR. We used the testing set
to calculate the estimation percent error using equa-
tion 6. The prediction accuracy evaluation of the ANN
models allowed us to select the best well-log combina-
tion to predict the geomechanical properties’ best
Poisson’s ratio, YM, and BI (E, v, and BI) (Figure 8):

Figure 4. (A-A′) Regional cross section that includes wells with available core
plug data within the study area flattened on the Woodford shale. The black lines
correspond to the parasequence tops interpreted for the Mississippian Meramec.
The GR track is shaded by the GR values, and it was used for stratigraphic cor-
relations. The section is oriented northwest–southeast and shows the prograda-
tional clinoforms in the study area and the decrease in the overall thickness of
the Meramec toward the southeast.
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jactual value − estimated valuej
actual value

� 100: (6)

Velocity model
We generated a velocity model to perform a multiat-

tribute analysis in a depth domain and facilitate well
data integration in the structural interpretation. Three
horizons in time (Meramec, parasequence 3, and Wood-
ford) were used along with 894 well tops interpreted in
298 wells to build a velocity model within the study area
(Figure 8). This model considered the intervallic veloc-
ity defined at the datum using the following relation:

z ¼ zr þ v0ðt − trÞ; (7)

where z is the calculated depth of the point, zr is the
depth at the well location, v0 is the calculated velocity,
and (t − tr) is the difference in time.

Seismic constraints for 3D modeling
The acquisition parameters of the seismic survey

limit the vertical resolution of geomechanical variables
from seismic volumes. The average vertical resolution
of the seismic data in the interest section ranges from 55
to 60 ft, whereas the horizontal resolution is 110 ft. It
makes it hard to compare and contrast the geomechan-
ical results generated MEDBI from seismic and well-log
data. However, seismic data volumetric distribution
provides an excellent guide for constraining the hori-
zontal distribution of geomechanical properties.

We calculated volumes of the Lamé parameters (μ
and λ) that relate the rock rigidity and incompressibility
and allow for the fundamental parameterization of seis-
mic waves used in seismic studies. We derived the vol-
umes from the acoustic and shear impedance volumes
using the relations shown in equations 8 and 9:

λρ ¼ ðAIÞ2 − 2ðSIÞ2; (8)

μρ ¼ ðSIÞ2: (9)

To create a Poisson’s ratio (υ) volume, we used equa-
tion 10 that shows a relationship between Lamé param-
eters (lambda and mu) to obtain the variable. On the
other hand, we used a linear correlation between the
acoustic impedance and YM values from the calculated
well logs to generate the YM volume trend (E):

v ¼ λ

ð2λþ 2μÞ : (10)

E ¼ ð0.001943 � AIÞ − 20: (11)

Geomechanical modeling
The parasequence structural maps defined in the

stratigraphic analysis were used to build the 3D strati-
graphic framework (3D grid). The grid covers an area of
143 mi2 (370 km2), and the grid size was defined based
on (1) the bin size of the seismic volume for the hori-
zontal size and (2) the vertical thickness of cell size that
represents the vertical variations observed in the core
plugs. The grid is comprised of seven zones with thick-
nesses established using isopach maps.

To represent the spatial variability, the data derived
from the ANN regression/estimation approach were
modeled using a sequential-Gaussian simulation con-
strain to (1) 3D lithology model, (2) upscaled well logs
from geomechanical properties, (3) histograms by zone,
(4) interpreted stratigraphic surfaces, (5) seismic-de-
rived trend volumes, and (6) variogram parameters by
zone.

The vertical variograms for the models were esti-
mated using a nested spherical-exponential variogram
model, whereas the horizontal variability was con-
strained using seismic-derived volumes for v and E as
trends. The volumes were generated using equations 10
and 11, respectively. We incorporate these volumes us-
ing a collocated-co-kriging approach to provide a smooth
horizontal distribution of the modeled variables.

Sequence stratigraphy and geomechanical analysis
To analyze the relationships between sequence stra-

tigraphy and geomechanical properties in this study,
we first established a sequence stratigraphic framework
to identify (1) vertical facies trends, (2) cycle bounding
surfaces, (3) packages of transgressive/regressive cycles,
(4) stacking patterns and lower frequency sequences,
and (5) mechanical units within the cycle hierarchy.
To evaluate the correlation between depositional trends
and geomechanical properties within the same sedimen-
tary interval, we divided the strata into brittle versus duc-
tile intervals based on the geomechanical properties
estimated in well logs using an ANN approach. This
methodology allowed us to analyze the sequence-strati-
graphic components and vertical multiscale cyclicity
with the mechanical layering (Moretinni et al., 2005; Slatt
and Abousleiman, 2011; Galvis-Portilla, 2017) to better
understand the stratigraphic variations of mechanical
properties such as BI, YM, and Poisson’s ratio across
the study area.

Production analysis
The database used for this analysis includes normal-

ized 360 day cumulative oil production data from 10
horizontal wells drilled within the Meramec and divided
by reservoir zone (Figure 3). We used the generated 3D
model to extract the MEDBI mechanical property infor-
mation along the well path for each horizontal well to
analyze relationships between the MEDBI mechanical
and oil production. The values and percentages of brit-
tle and ductile rocks were quantified to observe the cor-
relation between these variables. In addition, we used
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vertical profiles extracted from the model to evaluate
the vertical configuration (stacking patterns) of brit-
tle-ductile beds and possible production data rela-
tionships.

Results
Stratigraphic framework

The Meramec strata represent a vertical succession of
the second-order transgressive sequence (5–50 Ma) com-
posed of eight higher frequency parasequences charac-
terized by coarsening-upward deposits that represent
regressive phases with small and often absent fining-
upward transgressive phases (e.g., Price et al., 2017;
Drummond, 2018; Miller, 2018, 2019). The tops of the par-
asequences correspond to marine flooding surfaces. Par-
asequences 1–4 represent a transgressive parasequence
set capped by a maximum flooding surface (MFS) at the
top of parasequence 4. The subsequent parasequences 5
and 6 compose an aggradational-progradational parase-

quence set followed by a retrogradational set character-
ized by backstepping of parasequences 7 and 8.

The first transgressive parasequence set shows
dominantly silty limestones and calcareous lithologies
associated with proximal deposits within the outer car-
bonate shelf. Parasequence 3 displays a thick and retro-
gradational-aggradational interval composed of thin
interbedded siltstones and clay-rich deposits transition-
ing to finer grained deposits in parasequence 4 and
capped by an MFS. These rocks reflect better sedimen-
tary characteristics of a lower energy setting with inter-
mittent flows of coarser silt size sediments associated
with gravity flows as described by Duarte (2018). The
second aggradational-progradational parasequence set

Figure 5. GR andmineralogical BI calculations for wells 1 and
4. The term PS 8 represents the top of the interval. These wells
represent proximal and distal positions within the study area.
The term “n\cal” in green shows the estimation of the MIDBI
using equation 1, whereas “cal” shows the estimation using
equation 2. MIDBI XRF tracks show the calculation using
the mineralogical information from X-ray diffraction, whereas
FTIR tracks represent the estimation done using the data in-
verted from the FTIR analysis. (b) The lower image shows
the correlation between the FTIR- and XRF-generated values
using the available core data and equation 1.

Figure 6. (a) Geomechanical properties (Poisson’s ratio, YM,
and mechanical BI) calculated from core plug ultrasonic
velocity data for well 4 along with GR in the Meramec strata.
PS 8 represents parasequence 8 or the top of the interval.
(b) Crossplot of Poisson’s ratio versus YM. The core data
are color coded using the MEDBI mechanical values in a rain-
bow color scheme. In general, high values of YM and low Pois-
son’s ratio represent brittle rocks. However, this behavior is
not observed with the brittle index in this data set, similar to
Rickman’s et al. (2008) observations that highlighted that the
shale’s internal variability would affect the geomechanical
properties.
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(parasequences 5 and 6) shows an asymmetric coarsen-
ing-upward signature in GR. Siltstones dominate the
parasequence set with few interbedded mudstones.
The third and uppermost parasequence set (parase-
quences 7 and 8) is retrogradational and exhibits a fin-
ing-upward signature, capped by a transgressive
surface of erosion representing the top of the Meramec
strata.

MIDBI
The MIDBI obtained from the FTIR and XRF analysis

is shown in Figure 5a for wells 1 and 4, respectively,
denoting proximal and distal localities. The calculated
MIDBI results using equation 2, which include calcite
and feldspar as brittle minerals in the rock, are often
higher (the blue dots) than MIDBI values estimated
using the traditional Wang and Gale relationship (equa-
tion 1) (the green dots). We also compare the MIDBI
values estimated from XRF and FTIR-derived mineral-
ogy, using equation 1 in a crossplot. The results show
stratigraphic consistency but a low linear correlation
(41%) between the MIDBI values in wells 1 and 4 (Fig-
ure 5b). The larger differences observed between
MIDBI estimations occur at random points, making it
difficult to detect which minerals affect the estimation
between the two methods. In general, the MIDBI dis-
plays a contrasting response between the proximal
and distal locations. The MIDBI values in the proximal
locations (well 1) are underestimated, whereas the
MIDBI values in the distal locations (well 4) are over-
estimated when compared with those of MEDBI.

MEDBI
We derived the MEDBI for each cored plug sample

(N = 137) using equations 3–5 (Rickman et al., 2008).

Figure 6 shows a crossplot of the calculated variables
in well 1. The results show that low values of Poisson’s
ratio and high values of YM are typical of brittle rocks,
as suggested in previous studies by Rickman et al.
(2008). The MEDBI values show an inverse relationship
with the pore pressure.

Machine-learning approach — ANN
To predict the geomechanical properties Poisson’s

ratio and YM (E and v) in wells, we used two ANN
approaches: (1) classification and (2) estimation/
regression.

Classification approach
The division of the core plug data set resulted in

five classes, or categories: (1) low, (2) medium-low,
(3) medium, (4) medium-high, and (5) high (Figure 7).
The classes are not related to lithologies or rock types
because the Meramec geomechanical parameters are
also related to diagenesis, and diagenetic products
are not clearly manifested in distinctive well-log signa-
tures, making them difficult to associate with the lith-
ologies directly.

The accuracy of the classification predicted by each
ANN model was measured using a confusion matrix
(Figure 8). The highest accuracy for the Poisson’s ratio
training classification was 61%, using a combination of
GR, NPHI, RhoB, RILD, PE, and DT well logs. However,
the
model applied to the test data resulted in less than 10%
accuracy in the prediction. We found similar results in
evaluating the trained models to classify YM and BI with
overall accuracy values of 63% and 57%, respectively.
The well-log combination that showed higher accuracy
for YM training classification was GR, NPHI, RhoB,

Figure 7. Histograms of geomechanical properties calculated from the core plugs data set. Percentiles P25 and P75 set the maxi-
mum and minimum limits for two classes. The other limits for each defined class are shown in the black lines. The y-axis is the
fraction of samples in each range that corresponds to the mechanical property on the x-axis. The lower images show the distri-
butions for the calculated properties in a box plot.
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RILD, PE, and DT; whereas, for the BI training classi-
fication, the combination corresponds to NPHI, ResD,
GR, PE, and RHOB well logs. We did not apply any
of the generated ANN classification models to the
whole data set due to the low accuracy for prediction.

Estimation/regression approach
For geomechanical properties based on estimation

and regression, the average error obtained for Poisson’s
ratio was 20% for blind test data and corresponded with
the combination of GR, NPHI, RhoB, RILD, PE, and DT.
The estimation of the YM shows an average error of
12.5%. The estimation of the YM shows
an average error of 12.5% in the testing
data with the well-log combination of
GR, RhoB, and PE. We applied the gen-
erated ANN regression models to the en-
tire data set to generate E and v synthetic
well logs.

Spatial distribution of BI, Poisson’s
ratio, and YM
3D model

The 3D grid covers 143 mi2 (370 km2)
with horizontal cell dimensions of
110 × 110 ft (33.5 × 33.5 m) to reflect
the horizontal seismic resolution. We
use proportional layers with an average
cell/layer thickness of 2 ft (0.6 m). The
grid contains seven zones that contain
parasequences 1–8 (Figure 9a). We com-
bined parasequences 4 and 5 to one as
zone 4. The model final dimensions
are 575 × 577 × 406 cells for i, j, and
k, with a total of 134,700,650 cells.

Geomechanical properties
To represent the spatial distribution

of the BI, Poisson’s ratio, and YM, we
determined variogram ranges through
variography analysis of the well data.
Horizontal variograms were adjusted to
4000 ft (1220 m) and 2000 ft (610 m) in
the major and minor directions, respec-
tively, for both properties (E, v). The ver-
tical variograms for the properties vary
from 3 to 5 ft (0.9–1.5 m).

Poisson’s ratio values in the model
are lower in the northwestern part of
the study area. Poisson’s ratios in zones
1–4 range from 0.2 to 0.3 across the
model, whereas zones 6–8 show more
contrasting and gradational values that
range from 0.1 to 0.35 for the upper re-
gressive zones (Figure 10).

YM values in the model decrease
from the northwest to southeast parallel
to the depositional direction. Vertical
changes in v are related to parasequence

stacking. The progradational and aggradational parase-
quence sets show high E values in calcareous-siltstone
and argillaceous calcareous siltstone lithologies in
proximal areas, whereas the retrogradational parase-
quence set shows high variability reflecting the inter-
bedding mudstones and siltstones along the section
(Figure 11).

The MEDBI is predominantly high to the northwest
(proximal) transitions to lower values toward the south
(distal). Higher MEDBI values are dominant within
zones 1, 2, and 6, whereas moderate values are present
in zones 3 and 5. MEDBI is variable within zones 7 and 8
(Figure 12). Lithology variations drive lateral changes

Figure 8. (a) The GR and geomechanical continuous logs from the estimation/
regression process using well log combinations along with core plug data in a
regression ANN model. For the geomechanical properties, the black line corre-
sponds to the prediction using the ANN model. The dashed red lines correspond
to an error equal to ± one standard deviation of the data set distribution. The gray
dots represent the actual values of the properties calculated from the core plug
data. (b) A table displays the combinations used for the estimation/regression
ANN and the error associated with each ANN model with respect to the blind
test. The lower image shows the distribution of the data set for training and test-
ing of the ANN model. (c) Arbitrary seismic amplitude line along with the well
showing the interpreted horizons used to build the velocity model as well as the
conformable surfaces generated to build the stratigraphic framework in the
model.
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of MEDBI mainly from northwest to southeast in the dip
direction (Figures 13 and 14). Lithology variations drive
lateral changes of MEDBI mainly from northwest to
southeast in the direction of deposition (Figure 14).
Proximal locations (well 10) contain intervals of
high-MEDBI calcareous siltstones that transitions to
low-MEDBI argillaceous siltstones in distal positions
(well 13) within the study area.

Stratigraphic variability of geomechanical
analysis

Meramec parasequences included from base to top
parasequences 1–8. Stratigraphically, the parasequen-
ces exhibit a cyclic pattern represented by two distinc-
tive lithologies, calcareous siltstones and argillaceous
siltstones, contrasted according to their composition.
A relative fall of the sea level produced coarser deposits
that were easily cemented and tend to have brittle
behavior. In contrast, a relative sea-level rise results in
the deposition of organic, clay-rich, and ductile rocks.
We relate the observed cyclicity in the strata to brittle-
ductile intervals within the stratigraphic framework
(Figure 15). To describe the rock mechanical behavior,
we interpreted the brittle-ductile intervals using geome-
chanical logs and GR profiles. Overall, parasequences 1,
2, 4, and 6 exhibit asymmetric coarsening-upward
geometries that resulted in a higher proportion of brittle
to ductile deposits (70:30) within each parasequence.
Parasequences 3 and 5 exhibit serrated signatures com-
posed of brittle and ductile rocks (50:50) with high in-
ternal variability in the interval mechanical properties.
Parasequences 7 and 8 show a combination of fining-
and coarsening-upward patterns dominated by fine-

grain deposits that result in a high proportion of ductile
rocks (30:70) in the upper Meramec (Zone 7). On a large
scale, the Meramec strata exhibit one ductile interval
representing one transgressive parasequence set com-
posed of parasequences 1–3. The brittle-ductile ratio
of this parasequence set transitions from 50:50 to
20:80 at the MFS. The following aggradational-progra-
dational parasequence set comprises a brittle interval
composed of parasequences 5 and 6 and displays a gra-
dational upward increase of the brittle-ductile ratio
from 20:80 to 60:40. The upper interval of the Meramec
is composed of one transgressive and ductile parase-
quence set comprised of parasequences 7 and 8 and
with a brittle-ductile ratio of 30:70 (Figure 16).

Production analysis
We extracted the modeled MEDBI property along the

well paths of 10 horizontal wells within the model (Fig-
ure 17). Because the MEDBI property was modeled as a
continuous variable, we defined a brittle-ductile boun-
dary for the Meramec rocks of 67% to discretize the var-
iable. This limit was established considering the mean
value of MEDBI for parasequence 4, which contains a
higher proportion of ductile rocks within the Meramec
interval (Figure 18). Rocks with MEDBI values greater
than 67% were considered brittle, whereas rocks with
values equal to or lesser than 67% MEDBI were consid-
ered ductile. Figure 19 shows the calculated brittle and
ductile percentages of rock along the paths of 10 se-
lected wells (wells 20–30), and Figure 20 shows the nor-
malized 360 day cumulative production for the selected
horizontal wells. Overall, wells drilled through more
than 50% ductile rocks exhibit better oil production per-

formance compared with wells drilled
through lower percentages of duc-
tile rocks.

We extracted vertical profiles, or sec-
tions, from the generated model along
the well trajectories. To illustrate the im-
pact of vertical stacking in production,
we selected three horizontal wells that
represent good (well 20), intermediate
(well 22), and poor (well 21) production
performance cases. The three cases cor-
respond to 130, 90, and 31 million barrels
of oil (MBO) from the 360 day normal-
ized oil cumulative data, respectively.

Vertical profiles for well 20 (Fig-
ure 17a) show that the well path landed
within zone 5. The horizontal section
drilled through 49% brittle and 51% duc-
tile rocks. The stratigraphic configura-
tion shows a brittle interval in zone 5
bounded at the top and base by ductile
rocks that extend parallel to the hori-
zontal well path. This well shows a good
cumulative oil production with 130
MBO. In the case of well 21, the vertical
profiles show the landing of the well

Figure 9. Northwest–southeast-oriented cross sections through the 3D model
flattened on the Osage horizon. (a) The seven stratigraphic zones and the lateral
variations of thickness within the parasequences within the Meramec in the
study area. (b) The seismic-derived trend model used to constrain the YM prop-
erty. (c) The seismic-derived trend volume used to constrain the variability of the
Poisson’s ratio property.
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within zone 3 (Figure 17b). The lateral section drilled
through 62% of brittle and 38% of ductile rocks. The
stacking pattern configuration along the well trajectory
shows a heterogeneous interval bounded at the top by
brittle rocks and partially at the base by ductile rocks
and resulted in low hydrocarbon production with 90
MBO. Well 22 landed in zone 5 (Figure 17c) and drilled
through 57% and 43% of brittle and ductile rocks, re-
spectively. The vertical sections along this well path dis-
play a brittle interval bounded at the top by interbedded

brittle-ductile beds and continuous ductile rocks at the
base. This well production is 90 MBO and represents
our average well in the analysis.

Discussion
MEDBI versus MIDBI

The estimation of MIDBI from two different data
sources, the XRF and FTIR elemental inversions, indi-
cated a good stratigraphic agreement where contrasting

Figure 10. Average maps of Poisson’s ratio for the Meramec
zones. Zones 1–5 show a relatively homogeneous distribution
of the Poisson’s ratio, whereas an upward increase in Pois-
son’s ratio and heterogeneity is observed in zones 6 and 7, pos-
sibly related to the increase in clay content toward the top of
the Meramec strata.

Figure 11. Average maps for YM for the Meramec. Zones 1–3
show high values of the YM toward the proximal northwest
locations. Zone 4 shows a decrease in the property values re-
lated to the increase in the clay percentage close to an MFS.
Zone 5 shows high values of YM in the northwest, decreasing
gradually upward in zones 6 and 7.
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high- and low-BI intervals were defined within similar
depths. However, the XRF inversion scheme tends to
overestimate alumina and silica oxides present mainly
in clays (Nayak and Singh, 2007), whereas the FTIR
data minimize this error using an inversion scheme that
defines significantly more output minerals. We found
that equation 2 proposed by Jin et al. (2014) overesti-
mates the BI values. Because the calcite cement content
is high within the Meramec strata, the ratio of brittle-to-
ductile minerals changes significantly, resulting in high
MIDBI values (Figure 5). In contrast, equation 1 pro-

posed by Wang and Gale (2009) results in estimations
of MIDBI values that compare better to MEDBI.

The comparison between the MIDBI and MEDBI es-
timations at the parasequence scale shows significant
differences that we attribute to the diagenetic alteration
of the rock fabric, specifically calcite and quartz cemen-
tation that might affect its mechanical properties
(Miller, 2019). The mineralogical composition used to
calculate MIDBI does not allow us to differentiate the
presence of calcite or quartz minerals as part of the
framework or the matrix (grains or cement) in the rock.
Therefore, the MIDBI method does not accurately re-
flect the cement in the rock. Based on core and thin-sec-
tion observations, we established that samples with
high carbonate values represent high carbonate cement
content, as reported by Miller (2019). Intervals with car-
bonate content higher than 25% show an average over-
estimation of 25% between the BI estimations, whereas
intervals with less than 25% of carbonate content show
less than a 5% difference between them (MIDBI and
MEDBI) in the well profile (Figure 18).

The effects of cement in estimating geomechanical
properties have been described before in the large scale
(Perez Altamar and Marfurt, 2014) and the small scale
(Gale et al., 2007). For the Meramec strata, the carbon-
ate cement enhances the rock’s anisotropic behavior
due to the diagenetic cement that affects the rock mi-
crostructure (Martin and Davis, 1987; Vecsey et al.,
2008). This anisotropy in the rocks can be quantified by
comparing the ultrasonic shear velocity measurements
for the slow and fast directions. For well 1, intervals
with high anisotropy (differences between slow-fast
velocities) display a strong positive correlation with
intervals that exhibit high differences between the
MEDBI and MIDBI. This correlation suggested the pres-
ence of cement within these intervals and was con-
firmed in the thin-section descriptions.

We found the MEDBI estimations more reliable to
characterize rock geomechanical properties in the dia-
genetically altered Meramec strata. The calculated
MEDBI values result from velocity measurements that
reflect the grain arrangement, matrix, porous space,
mineralogical composition, and the rock diagenetic
processes effects.

Mechanical stratigraphy
The Meramec strata exhibit a mixed composition of

calcareous and clastic lithologies that resulted in con-
trasting geomechanical properties within the section
(Figures 14 and 15). We relate the mechanical stratigra-
phy within the Meramec to primary factors such as the
depositional environment and paleogeography, and
secondary factors such as diagenetic processes. The
vertical heterogeneity of these mixed clastic-carbonate
deposits is related to relative sea-level changes (Price
et al., 2017; Duarte, 2018; Leavitt, 2018; Miller, 2018,
2019). The regressive intervals of the parasequences
contain coarser grains that exhibit higher cementation
due to early diagenesis caused as a consequence of

Figure 12. Average maps for the BI (MEDBI) for the lower
Meramec. Zones 1–3 show high MEDBI values gradually de-
creasing upward consistent with the stratigraphic framework
cyclicity. Zone 5 displays an increase in MEDBI values toward
the northwest, followed by a gradual decrease in YM and an
increase in heterogeneity in zones 6 and 7.
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Figure 13. Northwest–southeast-oriented
cross section through the 3D model flattened
on the Osage horizon. (a) The spatial distribu-
tion of Poisson’s ratio within the study area.
This property shows an increase in Poisson’s
ratio toward the top of each zone. (b) The spa-
tial distribution of YM within the study area.
An overall decrease in YM is observed from
the proximal to the distal locations within
the modeled area. (c) The resulting model
of spatial distribution calculated from the
Poisson’s ratio and YM grids. The model re-
flects the vertical and horizontal variability
of the Meramec strata. In distal locations,
zones 1–4 show low values of MEDBI,
whereas zones 5–7 display slightly higher val-
ues of MEDBI. These variations agree with the
transgressive-regressive-transgressive parase-
quences sets from the sequence stratigraphic
analysis.

Figure 14. Northwest–southeast-oriented
structural cross section through the MEDBI
3D model along with four wells with the GR
profile. The Meramec strata show high values
of MEDBI to the northwest, where coarser
grain-size rocks (sandstones and silt-
stones) dominate (well 10). MEDBI values
gradually change to the southeast, where
fine-grain rocks deposited as part of an outer
carbonate platform dominate (well 13).

Figure 15. Cross section displaying the
mechanical stratigraphic framework of the
Meramec strata along the study area from
proximal northwest to distal southeast. The
Meramec strata display a single transgres-
sive-regressive cycle bounded by a minor dis-
conformity and a major unconformity at the
second-order scale. Several high-order sequen-
ces superimpose the second-order sequence
and are separated by flooding surfaces (FS).
Blue arrows: increasing-upward GR. Red ar-
rows: decreasing-upward GR. The pink line
represents an MFS. The blue and red squares
represent a transgressive and regressive inter-
val of the couplets, respectively. Two scales of
ductile-brittle couplets. (sequence = second
order and parasequence = higher order).
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Figure 16. A summary with the type well for
the study area along with the lithology and BI
vertical proportion curves with the inter-
preted higher order cycles. These curves re-
present the rock percentages along the
stratigraphic section (modified from Price
et al., 2017).

Figure 17. Vertical profiles of the discrete and continuous BI models along the well paths of (a) well 20, (b) well 21, and (c) well
22. For the discrete model, the blue and red colors represent the ductile and brittle zones, respectively. Below the continuous BI
model along the same vertical section. Warm colors show high values of MEDBI, whereas cold colors show lower values of MEDBI.
A pie chart displays the distribution of rocks drilled along the trajectory of the wells.
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burial and chemical compaction resulting in significant
calcite-dolomite and quartz cement (Miller, 2019). In
contrast, the parasequences genetically related trans-
gressive intervals display clay-rich lithologies com-
posed of pelagic sediments and fine-grained
sediments deposited during stages of relatively high
sea level. The high-frequency deposits form asymmetric
parasequence geometries (Miller, 2019) with thick, brit-
tle regressive intervals and thin genetically related
ductile transgressive intervals.

We relate the horizontal variability of the geome-
chanical properties to the depositional environment
(Figures 10–12). The Meramec strata display grada-
tional changes in the geomechanical properties associ-
ated with facies changes within a carbonate ramp
(Curtis and Champlin, 1959; Mazullo and Wilhite,
2010) (Figure 13). The proximal locations in the study
area are dominated by thick, brittle calcareous silt-
stones and carbonates interpreted as deposited in a
shallow ramp to the northwest, whereas the southeast
is dominated by thin interbedded ductile argillaceous
mudstones and siltstones deposited in the outer ramp
(Drummond, 2018; Duarte, 2018; Miller, 2018, 2019;
Price et al., 2020)

Impact on hydrocarbon production
The mechanical properties in the Meramec strata

show a strong relationship to the sequence stratigraphic
framework. Transgressive intervals are generally char-
acterized by fine-grained argillaceous siltstones and
mudstones, whereas calcareous siltstones and silty
limestones dominate overlying regressive intervals.
This difference in lithologies has a profound effect
on hydrocarbon production (storage capacity and brit-
tleness). Diagenetic processes such as cementation af-
fect the regressive cycles of high-order sequences
resulting in high-BI rocks with reduced porosity. In con-
trast, transgressive cycles exhibit less diagenesis in
more clay-rich lithologies with larger storage capacity
but limited permeability (Miller, 2019).

Analysis of lateral sections from the selected wells
shows that most wells with high production have trajec-
tories drilled through equal or slightly predominant duc-
tile rocks (up to 65%) (Figure 20). However, the well 26
results suggest that there are other variables affecting
reservoir production. In addition, we found that wells
drilled in brittle zones bounded by thick lateral exten-
sive ductile rocks reported higher hydrocarbon produc-
tion. In proximal locations (northwest), wells with high
oil production landed at the top of zone 5. We associate
this good performance with the lateral extensive mud-
stones at the base of zone 4 (the maximum flooding in-
terval in parasequence 4). The higher oil production of
the analyzed wells comes from well 20 drilled in a more
distal position (Figure 3b). This well landed in a brittle
interval (zone 5) bounded at the top and base by two
ductile intervals (zones 4 and 6) that correspond to par-
asequences with thicker transgressive intervals (Fig-
ures 12 and 17).

We noticed that thining of transgressive sequences
associated with marine flooding surfaces (Miller et al.,
2018) toward more proximal locations (northwest) re-
duces the percentage of ductile rocks between regres-
sive cycles affecting the cumulative oil production
negatively in wells drilled through a high percentage
of brittle rocks (Figures 19 and 20).

Figure 19. Percentage of brittle and ductile rocks drilled by
10 wells within the study area. The lateral length and cumu-
lative oil production were normalized for comparison.

Figure 18. The GR profile for well 1 along with the estima-
tions of mineralogical MIDBI (green) and the mechanical
MEDBI (red) from core plugs. The third track shows the ab-
solute value of the difference between the estimations of min-
eralogical and mechanical MEDBI in percentage (purple). The
fourth track shows the weight percentage of carbonate min-
erals in the samples (light blue).

Interpretation / May 2021 15



Conclusion
We explored different methods to define the geome-

chanical properties of the Meramec strata in the study
area. Specifically, for the BI, we evaluated two main
methods: (1) MEDBI and (2) MIDBI. To calculate the
best relationship for MIDBI, we found equation 1 most
reliable in the Meramec strata.

We found that the MIDBI values are highly affected
by the mineral weight percentage using the mineralogi-
cal inversion from data using X-ray diffraction (XRF)
and FTIR techniques. The FTIR inversion resulted in
a more accurate estimation of the weight percentage
of minerals to calculate the MIDBI compared to MEDBI
estimated from ultrasonic velocities.

The MEDBI method provides the most reliable esti-
mation of the Meramec strata BI because this relation-
ship uses geomechanical properties to reduce the
mineralogical volume uncertainty implicit when calcu-
lating the MIDBI.

The use of regression/estimation ANN models, along
with well logs and core plug data, showed better results
in estimating Poisson’s ratio and YM (v, E) using well
logs when compared to the ANN classification model.
The regression method provided an average error with-
out bias of the lithologic definition.

The mechanical properties of the Meramec strata are
strongly related to the sequence stratigraphic frame-
work of these rocks. It provides a tool to evaluate brittle
and ductile reservoir lateral and vertical continuity to
define sweet spots for hydrocarbon production. Wells
drilled within the Meramec strata in proximal locations
and landed within zone 5 show a high oil cumulative
production likely associated with the adjacent lateral
extensive ductile interval in parasequence 4 related
to an MFS. In contrast, wells with high production in
distal locations landed in brittle zones bounded at
the top and base for laterally continuous ductile beds

associated with flooding surfaces sepa-
rating zones 5 and 7.

The vertical stacking patterns, brittle/
ductile ratio drilled along the horizontal
well path and geomechanical distribu-
tion of properties play an important role
in mapping, predicting, and targeting
possible sweet spots for development
wells. However, many other operational
variables need to be considered and
evaluated in conjunction with the strati-
graphic and geomechanical models to
establish a fully supported development
strategy for hydrocarbon production.
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