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ABSTRACT

Site uniqueness is a well-known feature in geotechnical engineering. Site investigation data obtained from one site cannot
be directly used for another site. However, it is not uncommon that non-site-specific (generic) data is used to support site-
specific decision-making. For instance, engineers routinely adopt transformation models to estimate design soil parameters,
and most transformation models are calibrated by generic data. It is quite extreme and unrealistic to prohibit the use of such
models. In contrast, the success of such transformation models indicates that generic data may have certain value for site-
specific decision-making. In this era of BIG DATA, it is timely for geotechnical engineering people to ponder the value of
generic databases. This paper first introduces some exiting BIG DATA in the geotechnical literature. Then, the paper introduces
some advanced methods developed by the author and his colleagues that can exploit value from BIG DATA to facilitate site-
specific estimation for soil properties. Without BIG DATA and the advanced methods, such site-specific estimation can be

very challenging.
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1. INTRODUCTION

Recently, the term “BIG DATA” has attracted significant at-
tention. The definition of BIG DATA can be found from Wikipe-
dia (Wikipedia 2020a), quoted as follows:

“Big data is data that contains greater variety arriving in in-
creasing volumes and with ever-higher velocity. This is known
as the three vs. Put simply, big data is larger, more complex data
sets, especially from new data sources. These data sets are so
voluminous that traditional data processing software just can’t
manage them. But these massive volumes of data can be used to
address business problems you wouldn’t have been able to tackle
before.”

BIG DATA is characterized by three Vs: variety, volume, and ve-
locity. Traditional methods cannot manage BIG DATA. In the cur-
rent paper, we focus on soil/rock property databases. These ge-
otechnical databases have significant variety and volumes, but
they do not have velocity. They may be qualified as “slow” BIG
DATA. In the current paper, we simply call them as BIG DATA
for brevity.

Moreover, the geotechnical BIG DATA that we discuss in the
current paper may be further classified as “dark” BIG DATA, de-
fined by Wikipedia as follows (Wikipedia 2020b):

“Dark data is data which is acquired through various computer
network operations but not used in any manner to derive insights
or for decision making.”
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Similar to “dark matter” in the universe, dark data contains lots of
information, but it is not used because the data is not well struc-
tured. The soil/rock property presented in the current paper are
“dark” in the sense that even though they exist in the literature,
they do not have a clear structure so that they are not used to derive
insights for decision making.

Does geotechnical BIG DATA have value in site-specific de-
cision making? Notice that BIG DATA is non-local (generic) data.
Site uniqueness is a well-known fact in geotechnical engineering,
which suggests that generic data may not be directly applicable to
a local target site. On the other hand, it is also well known that
transformation models (Phoon and Kulhawy 1999a) such as the ¢-
s« model (g: = cone tip resistance from cone penetration test; s, =
undrained shear strength of a clay) constructed by generic data are
popular among practitioners. The popularity of transformation
models indicates that generic data has certain value in site-specific
decision making.

In contrast to BIG DATA, local data that is obtained from
a local target site is called “small data” in the current paper. For
instance, a typical site investigation plan may include a few
boreholes and CPT soundings. Each borehole is used to derive
index properties of the soil (e.g., unit weight, Atterberg limits,
water content, grain size distribution, etc.) as well as standard
penetration test (SPT) N values, and each CPT sounding is used
to derive g, fs, and u2 profiles (f; = sleeve friction; u> = behind-
cone pore pressure). Small data is the collection of all borehole
and sounding data. Can we solely rely on small data for site-
specific decision making? Phoon et al. (2019) has described
small data as MUSIC (Multivariate, Unique, Sparse, Incomplete,
and possibly Corrupted). Recently, Phoon (2020) coined the
term MUSIC-X for small data, where X stands for spatial vari-
ability, to indicate that small data is also spatial variable. It may
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be questionable if we solely rely on sparse and incomplete small
data for site-specific decision making.

The purpose of the current paper is as follows:

1. To review recent developments for geotechnical BIG DATA
(soil/rock property databases).

2. To address the question “Can we solely rely on small data for
site-specific decision making?” by a real case study, to illus-
trate that solely relying on small data may cause significant
uncertainty in decision making.

3. To address the question “Does geotechnical BIG DATA have
value in site-specific decision making?” by the same real case
study, to illustrate the plain use of BIG DATA may not nec-
essarily produce value.

4. To address the same question in #3 by the same real case
study, but now a more advanced data model is adopted, to
illustrate an advanced model together with BIG DATA may
produce value.

The structure of the paper follows the above four steps. At the end,
there is a conclusion.

2. GEOTECHNICAL BIG DATA

Soil/rock property datasets are abundant, but most of them are
“dark” data, hidden in journal papers, conference papers, technical
reports, dissertations, etc. Even though these generic dark datasets
exist in the literature, they do not have a clear structure. Also, it is
not clear how they are linked to a local target site. Nonetheless,
many useful transformation models are constructed by such ge-
neric databases. Kulhawy and Mayne (1990) compiled lots of such

models for soil properties, exemplified by the models shown in Fig.

1, whereas Zhang (2016) compiled lots of such models for rock
properties.

Since 1990, many generic databases have been compiled.
Table 1 shows some databases, labelled as (material type)/(num-
ber of parameters of interest)/(number of cases). Most databases
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in Table 1 are for soils, but there are five databases for rock or
rock mass. Some databases are univariate (i.e., only a single pa-
rameter is known for each soil/rock case). Many recent data-
bases in Table 1 are multivariate (i.e., multiple parameters are
known for each case). The multivariate databases usually have
a structure similar to a spreadsheet table with m rows and » col-
umns, where m is the number of cases, and #n is the number of
parameters of interest. For instance, the CLAY/10/7490 data-
base can be visualized as a spreadsheet table with m = 7490 rows
and n = 10 columns. If the table is fully populated by data, the
database is a complete database. There are a few complete mul-
tivariate databases in Table 1, but most multivariate databases
are incomplete, and % of completeness in the table is defined as
(# of populated cells)/(total # of cells). For many databases in
Table 1, the site for each case is known. This site information is
necessary for the hierarchical Bayesian model that is to be in-
troduced later.

The multivariate soil/rock databases are especially valuable
for the purpose of constructing transformation models. To illus-
trate multivariate databases, the dark dots in Fig. 2 show the data
points in CLAY/5/345, which contains n = 5 clay parameters (LI,
Su, $i%, 6"y, 6'p) for m = 345 cases, where LI is the liquidity index,
su 1s the undrained shear strength, s, is the remolded undrained
shear strength, ¢’y is the vertical effective stress, and o', is the pre-
consolidation stress. The correlation behaviors among different
clay parameters are sensible.

There are also some regional or municipal databases in Ta-
ble 1. For instance, JS-CLAY stands for clay of Jiangsu prov-
ince in China, and SH-CLAY stands for Shanghai clay. Re-
gional or municipal databases usually exhibit less scatter than
generic databases. Figure 3 shows the correlation plot between
su/c'y and ¢'v/Pa (Pa = 101.3 kPa = one atmosphere pressure) for
SH-CLAY/11/4051. The background grey dots are from
CLAY/10/7490, a generic database that contains cases world-
wide. It is clear that the data points for Shanghai exhibit less
scatters than those for worldwide.
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Fig.1 Examples of transformation models in Kulhawy and Mayne (1990)
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Table 1 Soil/rock parameter databases

Database Reference Parameters of interest iodi?ltt: ftzgf:s/ com:)/i’e(t)cfness
. CLAY/16 Phoon and Kulhawy (1999b) | Y% " PL- L. PL LL ¢/ f,”l’vf{;’:’“ 4 SPT-N, DMT (4, B),
g SAND/11 Phoon and Kulhawy (1999b)| ¢, D,, g., SPT-N, DMT (4, B, In, Kp, Ep), PMT (p1, Epur)
5 ROCK/8 Prakoso (2002) vy (or y4), n, R, Si, Opss L5, Gy E
ROCK/13 Aladejare and Wang (2017) p, Gy, L, 1, We, ¥, Ri, Sy Obey Ls0, Ocs E, V
CLAY/5/345 Ching and Phoon (2012) LI, sy, 5., 65, Oy 345 37 sites 100%
CLAY/7/6310 Ching and Phoon (2013) s, from 7 different test procedures 6310 | 164 studies 17.7%
CLAY/6/535 Ching et al. (2014) 5./6"y, OCR, Gics Guu (U2 — uo)/c’,, By, 535 40 sites 100%
CLAY/10/7490 Ching and Phoon (2014a) LL, PL, LI, ¢'\/P,, 6',/Pa, 5./, Sty ues Gu, By 7490 | 251 studies 34.1%
FI-CLAY/7/216 D’Ignazio et al. (2016) s, 6"\, & way LL, PL, S, 216 24 sites 100%
JS-CLAY/5/124 Liu et al. (2016) M,, Ge, for Way Ya 124 16 sites 100%
.% JS-CLAY/7/372 Zou et al. (2017) Gy, Gy, Gies J5/G' v, By, Vi, 8u/G" 372 25 sites 100%
E SAND/7/2794 Ching et al. (2017a) Dso, Cyy, Dy, 6'\/P4y &', gy (N1)s0 2794 | 176 studies 60.0%
§ EMI-ROCK/8/26000+ Kim and Hunt (2017) G., Op, P, CAL PPI, cohesion, direction shear, triaxial confining| 26000+ - -
(Fg:Gf/.lsn/; (g)g(r):(i)in) Kootahi and Moradi (2017) e, w,, LL, PI, C, 1000 170 sites 100%
ROCK/9/4069 Ching et al. (2018) Ys 1, Ri, Shy Ovs Lis0, Vs Oci Ei 4069 | 184 studies 34.2%
F((l}:é(:stﬁl Z/gr/;iils)g Feng and Vardanega (2019) e, k,LL, PL, PI, G, 1358 33 studies 91.4%
SH-CLAY/11/4051 Zhang et al. (2020) LL, PL, L1, e, Ky, 6'/P,, 5./6"1, S, /0"y 4051 50 sites 39.5%
ROCKMass/9/5876 Ching et al. (2020) RQD, RMR, O, GSI, E,, Ecn, Ean, Ei, 0 5784 | 225 studies 29.3%

Note: p = density; v = Poisson ratio; y = unit weight; ¢’ = effective friction angle; 6’, = preconsolidation stress; ¢', = vertical effective stress; o, = Brazilian tensile
strength; ©,; = uniaxial compressive strength of intact rock; ys = dry unit weight; (N)s0 = Neo/(6'/P.)*; (2 — up)/c', = normalized excess pore pressure; B, =
pore pressure ratio = (uy — uo)/(q, — 6,); CAI = Cerchar abrasivity index; C, = compression index; C, = coefficient of uniformity; Ds, = median grain size;
DMT (A, B, Ip, Kp, Ep) = dilatometer A & B readings, material index, horizontal stress index, modulus; D, = relative density; e = void ratio; £,, = dynamic
modulus of rock mass; E., = elasticity modulus of rock mass; £; = Young’s modulus of intact rock; E,, = deformation modulus of rock mass; f; = sleeve
frictional resistance; G, = specific gravity; GSI = geological strength index; I, = slake durability index; /; = point load strength index (/;so = ; for diameter
50 mm); £ = hydraulic conductivity; K, = at-rest lateral earth pressure coefficient; LI = liquidity index; LL = liquid limit; M, = subgrade resilience modulus;
n = porosity; Ng = corrected SPT-N; OCR = overconsolidation ratio; P, = atmospheric pressure = 101.3 kPa; PI = plasticity index; PMT (p;, Epmr) = pres-
suremeter limit stress, modulus; PPI = punch penetration index; Q = Q-system; g. = cone tip resistance; ¢, = corrected cone tip resistance; g, = (q/P.)/(c /P.)"*;
¢« = (q,— ©,)/c, = normalized cone tip resistance; ¢, = (¢ — u»)/c, = effective cone tip resistance; R = Schmidt hammer hardness (R, = L-type Schmidt hammer
hardness); RMR = rock mass rating; RQD = rock quality designation; S, = Shore scleroscope hardness; SPT-N = standard penetration test blow count; S, =
sensitivity; s, = undrained shear strength for clay; s,V = field vane s,; s,/ = remolded s,; uo = hydrostatic pore pressure; V, = P-wave velocity; V; = S-wave
velocity; Vi = Vi(P./c,)"; w, = water content.
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Fig. 2 Data points in CLAY/5/345 (grey dots are simulated data) Fig.3 su/c'y vs. ¢'v/Ps data in SH-CLAY/11/4051 (grey dots are
(source: Ching and Phoon 2012) data from CLAY/10/7490)
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3. SITE-SPECIFIC ESTIMATION BASED ON
SMALL DATA ONLY

This section addresses the question: “Can we solely rely on
small data for site-specific decision making?” Consider the site in-
vestigation data (small data) of a Taipei site: Table 2 summarizes the
site investigation data at several depths in a silty clay layer at the Tai-
pei site. Figure 4 shows the CPT data at one sounding at the site. The
small data is MUSIC-X; in particular, it is sparse (only a handful of
depths are measured) and incomplete (there are missing entries in Ta-
ble 2). This sparse and incomplete small data poses a significant chal-
lenge in data analysis, as traditional statistical methods usually re-
quire abundant and complete data.

3.1 Gibbs Sampler

Recently, Ching and Phoon (2019) proposed a Bayesian
framework of analyzing MUSIC data. In this framework, the
soil/rock properties (Y) at a site are transformed to multivariate
normal X with site-specific mean vector = p and site-specific co-
variance matric = C. The Gibbs sampler (Geman and Geman 1984;
Gilks et al. 1996) is adopted to estimate p and C and, at the mean-
time, to simulate the missing entries in Table 2 to resolve the issue
of incomplete data. To further address the issue of sparse data,
non-informative priors are adopted for p and C. Because of the
non-informative priors, the Bayesian method can properly reflect
the large statistical uncertainty due to sparse data. Figure 5 shows
the learning outcomes for a bivariate (n = 2) simulated example.
The underlying distribution that generates the simulated data is a
bivariate standard normal distribution. When there are abundant
data (m = 50), Fig. 5(a) shows that the trained bivariate distribution
is close to the underlying bivariate standard normal distribution.
Nonetheless, when there are very sparse data (m = 2), Fig. 5(b)
shows that the trained bivariate distribution is quite flat, reflecting
the large statistical uncertainty. This large statistical uncertainty is
desirable as there are only two data points.

3.2 Gibbs Sampler Considering Spatial Variability

The Bayesian framework proposed by Ching and Phoon
(2019) does not address spatial variability. Ching and Phoon
(2020) further extended the framework to address spatial variabil-
ity (MUSIC-X data). This framework is adopted to learn the small
data in Table 2 and Fig. 4. Only three s. values in Table 2 are

fiu|siteln)

(@) m=50
Fig. 5 Bivariate distribution trained by simulated data: (a) m =50 and (b) m =2

treated as known, whereas the other six s, values (those in the pa-
rentheses) are treated as unknown for the purpose of validation.
The multivariate model trained by the small data is referred to as
a “site-specific multivariate model” in this paper.

The black dots in Fig. 6 show the scatter of the samples simu-
lated by the trained site-specific multivariate model. The significant
scatters indicate the large statistical uncertainty due to the sparse
data. The model not only can simulate correlation samples among
different clay parameters (cross-correlation samples) in Fig. 6, but
it can also simulate the spatial variabilities of clay parameters
(i.e., conditional random fields). The dashed lines in Fig. 7

Table 2 Site investigation data for a silty clay layer at a Taipei
site (source: Ou and Liao 1987)

Depth LL PI LI o', [« Su q:
(m) (%) (%) (kPa) | (kPa) | (kPa) | (kPa)
12.8 30.1 9.1 1.20 128.0 172.7 46.9 894.3
14.8 32.8 12.8 1.43 144.9 - (52.9) | 881.2
16.1 36.4 14.5 1.24 155.6 — (51.7) | 933.9
17.8 41.9 18.9 0.90 169.9 181.8 42.8 1009.5
18.3 - — 174.5 - (59.3) | 12529
20.2 38.1 17.3 0.70 190.0 — (60.5) | 1228.8
22.7 37.0 16.0 0.58 210.9 - (64.4) | 1417.9
24.0 38.0 16.2 0.75 221.7 221.7 67.5 1573.1
26.6 34.8 13.8 0.80 243.7 — (82.1) |1779.9
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Fig. 4 CPT data of one sounding at the Taipei site
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Fig. 7 95% confidence intervals for the conditional random field samples simulated by the trained site-specific multivariate model (red
dots are the measured data; orange dots are the verification data)

shows the 95% confidence intervals (95% ClIs) of the conditional
random field samples. Note that the 95% CI has zero width at the
depths where the soil parameter is measured. The orange dots in
the s. profile are the validation data (treated as unknown during
learning). It is noteworthy that the 95% CI in Fig. 7 for s. is very
wide, as low as 10 kPa and as high as 200 kPa. This range is not
very useful in practice because it spans the full range of soft, me-
dium, stiff, and very stiff clays. The significant scatters in Fig. 6
and large 95% Cls in Fig. 7 both reflect the large statistical uncer-
tainty due to the sparse data.

3.3 Summary

Can we solely rely on small data for site-specific decision
making? Typically, NO! because in practice, small data is typi-
cally sparse and incomplete. Solely relying on small data may lead

to a difficult situation where the resulting site-specific model has
too large statistical uncertainty to support site-specific decision
making.

4. USE OF BIG DATA IN SITE-SPECIFIC

DECISION MAKING

Given that the site-specific model trained by small data may
have large statistical uncertainty, one possible strategy of reducing
statistical uncertainty is to incorporate BIG DATA. Note that BIG
DATA is not sparse. For instance, CLAY/10/7490 in Table 1 has
thousands of clay cases. The use of BIG DATA in site-specific
estimation is not new. Generic transformation models such as
those in Figure 1 are for this purpose. The fact that practical engi-
neers have implemented such transformation models in daily
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design indicates that there is certain value in BIG DATA for site-
specific estimation.

4.1 Generic Multivariate Model

BIG DATA can be used to construct a generic transformation
model as well as the 95% CI. For instance, the dark line in Fig. 8
shows the generic g~s. model constructed by CLAY/10/7490,
whereas the dashed lines indicate the generic 95% CI. Note that
the generic 95% Cl is quite wide, because it needs to accommodate
generic cases with different clay types (e.g., structured vs. non-
structured), geology (marine vs. lacustrine), and geographic loca-
tions. In the literature, the uncertainty associated with a transfor-
mation model is called the transformation uncertainty (Phoon and
Kulhawy 1999a), and the 95% CI in Fig. 8 reflects this transfor-
mation uncertainty.

The transformation model in Fig. 8 is bivariate (g: vs. s.). It is
possible to construct a multivariate model using multivariate ge-
neric data (Ching and Phoon 2012, 2013, 2014b; Ching et al. 2014,
2017b, 2019), and such a model is referred to as a “generic multi-
variate model” in this paper. For the Taipei data in Table 2, the
generic multivariate model for (LL, PIL, LI, 6"y, 6'p, su, q:) is con-
structed by CLAY/10/7490, and the 95% CI of s, can be estimated
by multiple information of (LL, PI, LI, ¢'\, 6’5, ¢:). The dashed line
in Fig. 9(b) shows the 95% CI of s, produced by the generic mul-
tivariate model, whereas Fig. 9(a) shows the 95% CI produced by
the site-specific multivariate model (constructed by the small data
in Table 2). It is clear that the 95% CI produced by the generic
model is even wider than the 95% CI produced by the site-specific
model. This wide 95% CI is not very useful in practice.

4.2 Hierarchical Bayesian Model

Recently, Ching et al. (2020) proposed a hierarchical Bayes-
ian model (HBM) that can learn the site-specific statistics from
BIG DATA. In CLAY/10/7490, the generic cases are from many
sites. Cases from the same site are considered to belong to the same
group by the HBM. Figure 10(a) re-plots the generic grs. cases in

Fig. 8 but now with “site labels”. The cases with the same label
are from the same site. Each site has distinct site-specific statistics:
the i-th site has its own site-specific mean vector and covariance
matrix (in the X space), denoted by w; and C:. Suppose that there
are M sites in CLAY/10/7490.

The HBM proposed by Ching et al. (2020) has the model
structure in Fig. 11. The mean vectors of different sites in
CLAY/10/7490 (w1, w2, ..., um) are distinct but assumed to follow
a common distribution governed by (Lo, Co). Similarly, the covar-
iance matrices of different sites (C1, Ca, ..., Cu) are also assumed
to follow a common distribution governed by (vo, Zo). (o, Co, Vo,
) are called the hyper-parameters. The HBM can learn the site-
specific statistics in BIG DATA through these hyper-parameters.
Figure 10(b) shows the behavior of the HBM trained by CLAY/10/
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Fig. 11 Model structure of the HBM (source: Ching ef al. 2020)

7490. The trained HBM can simulate (w;, C;) for a future site, and
each (skewed) ellipse represents such a future site. Note that the
center and shape of each ellipse in Fig. 10(b) mimic the centers
and local correlation behaviors for the sites in CLAY/10/7490. The
trained HBM in Fig. 10(b) is quite different from the trained ge-
neric model in Fig. 8: the trained HBM can mimic a future site, but
the trained generic model can only provide the generic trend.

The trained HBM can be further conditioned by the small data
in Table 2. By conditioning on the small data, most ellipses in Fig.
10(b) are incompatible to the small data, and only few ellipses are
compatible. Figure 12 shows the incompatible ellipses in grey and
compatible ellipses in colors. The red dots in Fig. 12 show the
three cases in Table 2 with gr-s. information. Note that there are
many cases in Table 2 with ¢: information only (s« is missing), and
these cases are not shown in Fig. 12. The colored (compatible) el-
lipses illustrate the model after the conditioning. This model is re-
ferred to as a “quasi-site-specific HBM” in this paper, because it
is first trained by CLAY/10/7490 and subsequently conditioned by
the small data. This quasi-site-specific HBM is in strong contrast
with the site-specific model trained by the small data (Section 3).
It is also in strong contrast with the generic model trained by BIG
DATA (Section 4.1). This quasi-site-specific HBM incorporates
both BIG DATA and small data.

The quasi-site-specific HBM in Fig. 12 is bivariate (g: vs. su).
The HBM is also applicable to multivariate BIG DATA
(CLAY/10/7490) and multivariate small data (Table 2). The re-
sulting model is a quasi-site-specific multivariate HBM. This
quasi-site-specific multivariate HBM can also simulate cross-cor-
relation samples (Fig. 13) as well as spatial variability (conditional
random fields) (Fig. 14). The quasi-site-specific HBM can be com-
pared with the site-specific model by comparing Fig. 13 with Fig.
6 and by comparing Fig. 14 with Fig. 7. The general observation
is that the quasi-site-specific HBM has significantly less statistical
uncertainty than the site-specific model. Figure 9 compares the s
estimation results based on the three models, site-specific model,
generic model, and quasi-site-specific HBM. It is clear that the
quasi-site-specific HBM produces the least uncertainty (narrowest
95% CI), yet the six validating s. data (orange dots) are still within
its narrow 95% CL.

10"

> 10°

s /o'

10"

10° 10" 102
Qo o,

Fig. 12 Illustration of the quasi-site-specific HBM (the colored
ellipses represent the compatible site-specific models)
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Fig. 14 95% confidence intervals for conditional random field samples (quasi-site-specific HBM) (red dots are the measured data;

orange dots are the verification data)

4.3 Summary

Does geotechnical BIG DATA have value in site-specific de-
cision making? In principle, YES! However, it requires a suitable
model such as the hierarchical Bayesian model to effectively ex-
ploit the value of BIG DATA. If BIG DATA is implemented in an
ineffective way (e.g., merely to construct a generic model), BIG
DATA may not produce value in site-specific decision making.

5. CONCLUSIONS

In this paper, some geotechnical soil/rock property databases
are reviewed. These are called geotechnical BIG DATA, and the
value of BIG DATA in supporting site-specific decision is
demonstrated in this paper. It is first shown that small data (site
investigation data at a local target site) is typically sparse and
incomplete such that the site-specific model constructed by small
data usually has large statistical uncertainty. The resulting 95%

confidence interval (95% CI) for the design soil/rock parameter is
usually quite wide and not very useful in practice. On the other
hand, BIG DATA can be used to construct a generic model, but
the generic model usually has large transformation uncertainty.
This large transformation uncertainty also leads to wide 95% CI
that may render the generic model not useful. In general, it is not
trivial to effectively exploit value in BIG DATA to support site-
specific decision making.

This paper demonstrates that in order to effectively exploit
the value in BIG DATA to support site-specific decision making,
a model with a suitable structure is needed. For this purpose, a
hierarchical Bayesian model was proposed by the author to learn
the site-specific statistics in BIG DATA. The resulting model is a
quasi-site-specific model because the model is first trained by BIG
DATA and subsequently conditioned by the small data. It is shown
that the 95% CI produced by this quasi-site-specific model is
significantly narrower than those produced by site-specific and
generic models.
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