Journal of Metallic Material Research | Volume 02 | Issue 01 | April 2019

BILINGUAL
PUBLISHING CO

ARTICLE

Journal of Metallic Material Research

https://o0js.bilpublishing.com/index.php/jmmr

Lateral Dispersion Pattern of Main Indicators at the Glojeh Polyme-

tallic Deposit, NW Iran

Farshad Darabi-Golestan”

Ardeshir Hezarkhani

Department of Mining and Metallurgical Engineering, Amirkabir University of Technology. 424 Hafez Ave, Tehran, Iran

ARTICLE INFO

ABSTRACT

Article history

Received: 8 March 2019
Accepted: 22 March 2019
Published Online: 19 April 2019

Keywords:

Iterative stepwise regression
Interaction effects

Lateral zonation

Linear productivity

Kriging technique

1. Introduction

ifferent geochemical interaction processes occur
between the host rock and vein in the Glojeh
polymetallic deposit. By consideration of the
variables interaction effects (IE) can improve the accuracy
of processing or modeling . Hence, the quadratic terms
(X?) and the first order interaction (XixXj) of variables
were constructed with the aim of examining the relation-
ship between geochemical variables. Stepwise regression
analysis (RA) and analysis of variance (ANOVA) can be
applied to determine the interactions between elements
7 the dispersion pattern and elemental associations in
mineralization using some geochemical concepts. Back-
ward Elimination (BE) is one of the Stepwise Regression
methods. Stepwise regression serves to reduce the model
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The criterion-base iterative stepwise Backward Elimination (BE) method
was used to predict Au according to the main variables (Ag, Cu, Pb, and
Zn). The optimization process of the quadratic polynomial model are
carried out on different trenches. Whereas, Pb and Zn with AgxZn and
PbxZn are significant to determine the lateral dispersion of Au. It means
Zn is the predominant element in near surface zone. Therefore, it point
out that the polymetallic (Au-Ag-Cu-Pb-Zn) high-sulfidation hydrother-
mal veins may be related to a porphyry deposit at depth. Laterally, 2D
surface contour maps using kriging confirms all the results of the disper-
sion pattern of elements at Glojeh.

by using the strategy to eliminate the predictors which do
not contribute to model accuracy, according to reach the
specific accuracy.The quadratic polynomial model (QPM)
considered as a full model to elucidate the relationship
between variables. BE procedure is just a one procedure
within the Stepwise regression where the starting model
is actually a full model (model with all possible predic-
tors) and then algorithm sequentially removes the worst
one predictor while its accuracy is improving according
to one criteria. Accordingly, some criteria including dif-
ferent criteria (R”, R* adjusted[ad].], R* predicted[pred.]),
58,9

! The
BE modeling applied according to p-values (or laterally

PRESS, and F-ratio were used more frequently '

t-test) and related confidence levels "> '), The convergent
trend of R’, R*(adj.), R*(pred.) accompanied by increases
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of F-value, and decreases of PRESS (Prediction Error
Sum of Squares) indicate more accurate optimization %,
The model with the lowest PRESS may be desirable, if
the prediction is the objective of using this method.All the
parameter and variables contributed at the full model with
the lowest significant (p-value and t-value). According
step by step process of elimination of parameters the mod-
el accuracy have been optimized. Besides, the full model
has the lowest criteria for prediction (R*(pred.)) new ob-
servation. During elimination of insignificant predictors
the model is optimized gradually.

In this study, the authors have tried to estimate and
identify the Au dispersion by associated elements for all
trench samples in veins and host rock. The research was
conducted with three aims: (a) to recognize the horizontal
relationship between variables, statistically and spatially
(b) determine an indicator model, (¢) and decrease the
cost of Au analysis. The relationship between variables is
conducted based on examination of drillholes and trenches
to determine zonality in polymetallic veins, shear zones,
and host rocks, while the results have been validated ac-
cording to R*(pred.). The approach is furnished by the BE
procedure on iterative RA and ANOVA by definition of IE
of elements to improve the overall performance of zonal
modeling. Based on BE, gradually all the insignificant
predictors were eliminated. Therefore, all the predictors
with different presence (the main elements (Xi),quadratic
terms (X°), and the first order interaction (XixXj)) may
be related to the object element (it is Au at here). Au vari-
ation and dispersion is investigated by first and second
order and interactions of other elements which are benefit
to determine the elemental zoning sequence.

2. Geological Setting

The Glojeh district is located in the central part of the
Tarom- Hashtjin Metallogenic Province (THMP), which
is one of Iran’s major metallogenic provinces. Structural-
ly, this subduction-related continental margin arc extends
from a merging between the western Alborz magmatic
belt and Urmieh-Dokhtar zone "’ The rocks along the
THMP are considered equivalent to the Karaj formation.
They are different from those in central Alborz in terms of
the lithology and chemical composition because the lava
flows do not consist only of volcani-clastic rocks along
this axis, and their compositions are more basic """ "
Many intrusive bodies in the area have been injected into
Eocene volcani-clastic assemblages, so these bodies are
post-Eocene (most likely Oligocene) in age. One charac-
teristic of the Oligocene intrusive bodies is the creation of
alteration areoles in Eocene volcani-clastics, and a lot of
epithermal Au-Cu-Pb-Zn mineralization have been gen-
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erally occurred due to hydrothermal reactions "'* ', The
Glojeh district is mainly covered by rhyodacite, lithic tuff,
and andesite basalts """\

3. Materials and Methods
3.1 Exploration Drilling

Tuff, rhyolite, and andesite, tuff- rhyolite and rhyodac-
ite, tuff-rhyolite, and rhyodacite to latite are the host rocks
of the TR1, TR2, and TR3, respectively, while TR4, TRS,
and TR6 were excavated in rhyodacite to latite rocks.
The sample numbers of trenches TR7 and TRS are only 8
and 6 samples, respectively (Table 1). It is not enough to
modeling and they were examined for 2D surface contour
maps.The trenches TR4 and TRS were excavated in rhyo-
lite to rhyodacite with interbedded tuff and ignimbrite and
have been covered by silicified alteration (Figure 1 and
Table 1).
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Figure 1. Location and geological map of the Glojeh
deposit, including the main trenches

3.2 Backward Elimination

The interaction effect (IE; e.g. X* and XixXj) of variables
(Ag, Cu, Pb, and Zn) were defined considering different
interaction processes between meteoric water and mag-
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Table 1. Specifications of the trenches from TRO to TR8 (ppb was used for all the concentration measurements)

Trench | Length Alteration Host rock Samples Vein sam- |Average A!.l concen-| Maximum 1.&u con- Minimum fAu
ples tration centration concentration
TRO | 96 ; Rhyodacite to 43 3 103.9 2980 2.1
latite
TRI 155 Hematite- Limonite | U1 20d Rhyo- 39 13 1080 6760 32
dacite
TRz | 136 | Silicic, Hematite+Argillic | |0 Rhyolite, 62 5 568 4370 42
Rhyodacite
Tuff, Rhyolite,
TR3 130 | Silicic, Hematite+Argillic | Rhyodacite to 60 23 1570 12900 49
latite
TR4 103 Silicic, Hematite Rhy‘l’iai‘f;te to 71 20 2180 21400 30
TRS | 103 |Silicic, Hematite+Argillic Rhy‘l’i‘i’f;e o 76 38 2275 19450 27
TR6 | 155 Silicic, Limonitic Rhycl’:t?f;te to 36 10 480 3540 45
TR7 15 Silicic Rhyodacite 8 1 507.6 3440 34
TRS 14.5 | Silicic And week Argillic Tuff 6 1 141.7 730 8.4

matic fluids as well as host rock and vein in the polyme-
tallic Glojeh deposit. These mathematical interaction re-
vealed by geochemical properties of elements in different
lithology and level of mineralization, considering to the
level of definition of interaction effects. Therefore, IE play
an important role for geochemical exploration and mineral
deposition studies, especially in polymetallic hydrother-
mal ore deposits "> '”. Raudenbush and Liu ", Diggle "
and Leon and Heo "' have argued for the use of main and
IE of variables in their studies, which lead to improve the
accuracy of processing or modeling. In this study, RA and
ANOVA were done within BE process. The QPM that is
constructed in the first step of BE modeling is given by:

Y =X, +to, X, , +BX° ++f X  +x X X, 4+, X, X, +&
©)
where o, B and y are the coefficients, and X, is vari-
able. The modeling is restricted to the main effects (vari-
able X;; Ag, Cu, Pb, and Zn), quadratic terms (covariates
X2 Ag’, Cu’, Pb’, Zn%), and the first order interaction
(covariates X;xX;; AgxCu, AgxPb, AgxZn, CuxPb,
CuxZn, PbxZn) of variables ™. The coefficient, standard
error (SE), t-value (°°¢1°2%¢ ) and p-value (indicate
significance of all variables and covariates) associated
with each predictor that contribute in the model were cal-
culated from RA " *). Accordingly, at RA the parameter
R’ indicates how well the model fits the data and tends
to increase as additional predictors added in the model.
In order to overcome this effect, the parameter R*(adj.)
which could compare the two linear models with their
complexity is utilized. R*(pred.) was used with ease to
compare how well the two model predicts responses for
new observations that were not included in model estima-
tion based on leave-one-out cross validation %,
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The ANOVA analysis parameters are shown in Table 2.
The F-ratio and R can be obtained as follows (n is equal
to the total number of observations in the analysis):

B . _SSR/p — MSR
F —ratio = / SSE/(VI —p-1 - %\JSE (2)

P _SSR
SST (3

Table 2. The ANOVA analysis parameters

Source.of Varia- Sum of Degrees of Sl;/{f::;s F ratio
tion Squares (SS) | freedom (df) (MS)
Regression SSR p MSR | MSR/MSE
Error SSE (n-p-1) MSE
Total SST (n-1)

4. Results: Trenches Investigation

Overall, 401 trench samples were included in this study.
They were collected from trench TRO to TR8 where to-
tally 907.5 meters were excavated. The BE approach has
been applied on TR2 and explained in detail. At the first
step, the QPM was set to be:
Au=1.13-0.874g+0.29Cu—0.38Pb+1.35Zn
—0.124gxCu+0.444g x Pb—0.50A4Ag x Zn+0.47Cu

xPb+0.26Cux Zn—0.289Pbx Zn +0.25 42> —0.319Cu>
~0.252Pb* +0.128Zn’
)

Accordingly, all the t-test values (accompanied with
p-values) of predictors (14 ones) were calculated to
determine significant and insignificant predictors. The
results of RA and ANOVA are summarized in the Table
3 for different steps and insignificant predictors are de-
termined according to highest p-values. The AgxCu and
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Pb (p-values equal to 0.952 and 0.861, respectively) are
removed at the 1* step, because the majority of predic-
tion error that causes uncertainty in the model has been
related to these predictors. The eliminating process (BE)
was carried out by removing the least useful variables
according to partial F ratio, R”, R*(adj.), and R*(pred.) cri-
teria. The R and R*(pred.) in this step equal 85.50 % and
15.36 %, respectively. When there is a high R’, while the
R’(pred.) is low, it indicates that the model cannot give
very good performance for predicting new observations.
This implies that a lot of predictors create huge errors in

modeling. Therefore, the model must be optimized by re-
moving the special predictors that create the highest error
(AgxCu and Pb at first step; Table 3 and Figure 2). At the
second step, a new model is generated, while AgxCu and
Pb have been deleted, and R(pred.) increased to 48.08%
when R’ has no significant changes (Figure 2 and Figure
3). An increase of R*(pred.) accompanied by partial F-test
value indicates improvement in the modeling **. Subse-
quently, Cu, CuxZn, AgxPb, AgxZn, Pb’, Zn’, threshold
value, Cu’, Ag, and Ag” were eliminated, and Reduced
QPM (RQPM) was constructed with three predictors (df

Table 3. Regression analyses and ANOVA for BMA of TR2 in Glojeh deposit

step criteria value Source DF SS MS F P Predictor P-value
S 0.515 Regression 14 23.467 1.676 6.33 0.001 AgxCu 0.952
R’ 85.50% | Residual Error 15 3.972 0.265 Pb 0.861
1 R’(adj.) 72.00% Total 29 27.438
PRESS 23.224
R*(pred.) 15.36%
S 0.484 Regression 12 23.458 1.955 8.35 0 Cu 0.885
R’ 85.50% Residual Error 17 3.981 0.234 CuxZn 0.746
2 R’(adj.) 75.30% Total 29 27.438
PRESS 14.246
R’(pred.) 48.08%
S 0.459 Regression 10 23.427 2.343 11.1 0 AgxPb 0.868
R’ 85.40% Residual Error 19 4.011 0.211 AgxZn 0.719
3 R’(adj.) 77.70% Total 29 27.438
PRESS 11.659
R’(pred.) 57.51%
S 0.439 Regression 8 23.399 2.925 15.21 0 Pb"2 0.69
R’ 85.30% | Residual Error 21 4.040 0.192 Zn"2 0.54
4 R’(adj.) 79.70% Total 29 27.438
PRESS 9.035
R*(pred.) 67.07%
S 0.428 Regression 6 23.220 3.870 21.1 0 Constant 0.199
R’ 84.60% | Residual Error | 23 4218 0.183 Cu”2 0.155
5 R’(adj.) 80.60% Total 29 27.438
PRESS 7.933
R*(pred.) 71.09%
S 0.450 Regression 5 389.874 77.975 384.45 0 Ag 0.724
6 PRESS 7.033 Residual Error 25 5.071 0.203 Agh2 0.894
Total 30 394.945
S 0.435 Regression 3 389.84 129.95 687.29 0 PbxZn 0.001
7 PRESS 6.062 Residual Error 27 5.1 0.19
Total 30 394.94
S 0.528 Regression 2 387.13 193.56 693.13 0
8 PRESS 9.051 Residual Error 28 7.82 0.28
Total 30 394.94
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equals to 3 at the 7" step) for 30 samples (total df). It is
noteworthy that the R%s reduced a little from 85.5% at
QPM to 84.6% at RQPM. It could reveal that R”is not an
appropriate criterion to improve modeling performance,
individually. In the 8th step, it is clear that if PbxZn is
eliminated, the PRESS and S criteria increase and it is
not in order to model optimization. The removal of insig-
nificant predictors cause changes in the t-values of other
predictors. Therefore, at TR2, the Zn, CuxPb and PbxZn
predictors with t-values equal to 10.27, 4.53, and 3.79 are
the most important predictors for Au modeling (Table 3
on 7" step, Table 4). An improvement in modeling was
achieved according to convergent trends through seven
steps for R*, R’(adj.), and R*(pred.) accompanied by in-
creases in R*(pred.) ***”. After the 6" step due to elimina-
tion of the threshold value MINITAB software unable to
calculateR*(adj.) and R*(pred.), therefore the decrease in
PRESS and increase in F value indicate the improvement
in modeling (Table 4, Figure 2). Finally, through BE pro-

cedure the R*(pred.) is increased from 15.36% in QPM to
71.09% in RQPM, which indicates the ability to predict
Au for new samples. It was satisfied only by the genetic
relationship between Ag, Cu, Pb, and Zn elements, since
many factors are involved in mineralization. The RQPM
for TR2 was introduced by the following equation:

Au=Zn +0.181 CuxPb - 0.183 PbxZn  (5)

According to the significant predictors that contributed
in RQPM for TR1, TR2, TR3, and TR6, Pb and Zn were
the main predictors, and PbxZn was the significant in-
teraction for Au modeling. In these trenches, Ag and the
threshold value unusually show high dependency with
each other in the process of elimination (Table 4), because
the threshold value at step 5 has the largest p-value equal
0.199 but when it was eliminated the p-value of Ag and
Ag’ show sudden increases.

Table 4. The order of elimination insignificant predictors using BE stepwise regression to create RQPM for each trenches

TR1 TR2 TR3
Predictor P-value t-value Predictor P-value t-value Predictor P-value t-value
Ag 0.963 AgxCu 0.952 Constant 0.909
PbxZn 091 Pb 0.861 Ag 0.863
Constant 0.837 Cu 0.885 AgxPb 0.747
CuxZn 0.883 CuxZn 0.746 Cu2 0.681
insignificant predic- Cu 0.472 AgxPb 0.868 CuxPb 0.502
;;r:et‘};:rtafl(‘)‘;ltﬁsg Agh2 0.441 AgxZn 0.719 Zn2 0.548
tion steps AgxCu 0.658 Pb"2 0.69 Cu 0.336
AgxPb 0.551 Zn™2 0.54 CuxZn 0.416
Pb™2 0.853 Constant 0.199 Pb*2 0 438
w2 | oa cwr | o om0 | e |
Zn 0.17 Ag 0.724 PbxZn 0.002 3.34
Ag™2 0.894 Agh2 0.005 2.9
significant predic- AgxZn 0.003 3.18 AgxCu 0.034 2.17
tors that contributed
in RQPM CuxPb 0 4.43 CuxPb 0 4.53 Zn 0.052 1.99
Cu2 0 4.03 PbxZn 0.001 3.79 AgxZn 0.113 1.61
TR4 TRS TR6
Predictor P-value t-value Predictor P-value t-value Predictor P-value t-value
Ag"2 0.518 AgxPb 0.856 Zn 0.998
insignificant predic- Pb*2 0.568 Ag2 0.889 Pb"2 0.938
;;r:etvhjrta‘l:l:;fr‘ss: Cu 0.001 3.79 Ag 0.836 AgxZn 0.92
tion steps Pb”2 0.885 AgxPb 0.807
Ag 0.007 2.86 AgxCu 0.862 Ag2 0.874

34
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AgxZn 0.009 2.79 Zn 0.49 CuxZn 0.824
AgxPb 0.017 2.52 Pb 0.43 CuxPb 0.756
Zn 0.014 2.6 Cu 0.28 Cu 0.608
L . PbxZn 0.023 2.38 Cu™2 0.395 Constant 0.336
significant predic-
tors that contributed Cu™2 0.036 2.18 Constant 0 14.27 Ag 0.163
in RQPM

Constant 0.099 1.7 AgxZn 0 6.16 Cu2 0.321

CuxPb 0.2 1.31 CuxPb 0.113 1.61 PbxZn 0 432

CuxZn 0.236 1.21 PbxZn 0.14 1.49 Zn"2 0.001 3.83

AgxCu 0.275 1.11 CuxZn 0.265 1.12 AgxCu 0.033 223

Note: The highlighted ones indicates the importance of Pb, Zn, and PbxZn predictors in the RQPM for all trenches after several steps of optimization.
The order of elimination insignificant predictors is showed by p-values (a level), and t-values indicates the importance of the predictors in the RQPM.

t-test and p-value

o
1=

pred

=

Q(

<

D)

N o U e W — step
¥

F: ~test, R

‘ »[Au=Zn +0.181 CuxPb — 0.183 Pb*Zn
The best step for F-test according to best elements for t-test

Figure 2. The differences between the t-test and F-test for
optimizing model in TR2

Note: The F-test, R, and R*(pred.) consider the linear relationship
between Au and set of predictors which participate in modeling,
while t value and p-values were calculated with the TDIST function
using calculated t-values and the df for probability density function;
TDIST(t, df, 2 tails)=P-value . It reveals that selecting a different predictor and
model is complicated and with BE process might be facilitated by using
controlling t-test and the F-tests.

RCM for TR2: Au = 1.00 Zn +0.181 Cu*Pb -0.183 Pb*Zn
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Figure 3. Optimization trend of the stepwise regression
of BE using different R's (R*, R’[adj.], R[pred.]), PRESS
and F-ratio criteria for TR2Discussion

Throughout this paper, the lateral geochemical disper-
sion pattern of Ag, Cu, Pb, and Zn are discussed consid-
ering their interactions at all trenches. We also propose an
iterative model selection approach from QPM to RQPM,
based on the main, quadratic terms and the interaction
effects of elements. By applying interaction effects, dif-
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ferent geochemical properties of elements have been
considered using the BE procedure. Besides, the main
elements and interactions are recognized in all trenches.
After 8 steps of optimization and removing insignificant
predictors at the TR2, R*(pred.) increased from 15 % to
more than 71 %. Accordingly, Zn and PbxZn were deter-
mined as the highest important element and interaction for
Au modeling, respectively. This result is confirmed by the
trends of other criteria (R°, R’[adj.], PRESS and F-ratio).
The same process was applied for the other trenches (TR1,
TR3, TR4, TRS, TR6) to interpret the lateral geochemical
dispersion pattern of elements, respectively.

Based on the RQPM of trench TR2, it reveals that Zn,
CuxPb and PbxZn were determined as the main predic-
tors for Au (Table 4). Therefore, Zn and Pb are the most
important predictors that show the same lateral dispersion
(resulted from TR2 modeling) at the Glojeh deposit.

The results from Table 3 and Table 4 are clearly indi-
cated in Table 5. The significant predictors contributing in
RQPM for all trenches (Table 4) are depicted according
to the t-values in the Figure 2.Accordingly,Pb and Zn are
the main elements, and PbxZn is the main interaction
which has the same geochemical dispersion pattern with
Au within TR1, TR2, TR3, and TR6 (Table 5). Besides,
the t-value from regular RQPM models for TR1, TR2,
TR3 and TR6 indicates the strong effects of Pb and Zn.
Whereas, TR4 and TRS which are excavated in the high-
grade zone contain mineralized quartz veins, veinlets and
brecciated zones emphasizing that Cu and Pb are import-
ant elements for Au modeling. The most other important
predictors is threshold value (the constant) that was de-
rived from a lot of veinlets and brecciated zones at these
trenches. All the step-by-step BE process of the trenches
revealed that Pb and Zn accompanied with their interac-
tion (PbxZn) have the same geochemical dispersion pat-
tern and lateral variation with Au.

In order to identify Au, Ag, Cu, Pb, and Zn relation-
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ships with vein, veinlet, and brecciated zones and to better
understand of their distribution in the region, preparation
of a surface contour maps can aidin interpretation of re-
sults. The 2D contour maps were obtained based on trench
data, a geological map, and scattered data from veins and
veinlets using kriging technique. The parameters used to
interpolate the map were the Gaussian for semivariogram
model with output cell size (Lag size) equals 5 meters,
search radius fixed in 10 meter distance and 3 is the
minimum number of points were the kriging parameters
used to create these maps. This method is the best linear
unbiased estimator with the lowest estimation variance
5391 The possibility of occurrence of errors due to the
lack of adequate information from the area is possible in
this method to interpolation some cells. The highly Au
concentrated samples have spread between TR2 and TR6,
where the highest anomalous samples appears around
TR4 and TRS (Figure 4A). Also, ore-bearing major veins
and veinlets trend are nearly east-westward (see Figure 1),
while it was evident in the kriging surface variation of Au
concentration (Figure 4A). The observed surface anoma-
lies for Au show similar trend and largely overlap on Pb
and Zn concentrated samples (Figure 4A, 4B, and 4C).

Table 5. The results of BE to recognize significant and
insignificant predictors for trench

threshold s1gn1ﬁcath significant inter- |insignificant pre-
trench value clements in actions in RQPM dictors
u RQPM
TR1, Tr2,
TR3 and - Pb, Zn PbxZn Ag, C, AgxCu
TR6
Theand | ok Cu,Pb | Agx<Zn,PbxZn| Ag,Pb’

Zn and Pb show the same variation of the concentra-
tion at deeper zones and Zn is highly enriched in super-
ficial horizons . On the other hand, these finding can
be approved using BE modeling results. Mehrabi, Siani,
Goldfarb, Azizi, Ganerod and Marsh "indicated that Au
is certainly mineralized in the epithermal brecciated zones
in late stages of magmatic fluids and afterward directly
precipitated in associated meteoric water, whereas Cu
is precipitated in early and middle stages and magmatic
fluids have a greater role in mineralization. Therefore,
the Glojeh deposit may be associated with a porphyry
mineralization at depth.In order to the evaluation of the
Au concentration by optimization process of the quadratic
polynomial model, Cu, Pb and Zn are well separated later-
ally.
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Figure 4. The 2D Glojeh surface contour map of Au (A);
Pb (B); and Zn (C)

5. Conclusion

By constructing interaction effects of elements the rela-
tionship between variables could be distinguished, too
much better. Where in environmental and mining science
(certainly in mineralization) all the elements acts related
and they must considered simultaneously, hence applica-
tion of elemental interactions could ease to accurate mod-
eling. Accordingly, model reduction process is handled
until the main predictors recognized. This method could
applied in different multivariable studies. In the presented
study it was conducted to recognize the horizontal rela-
tionship (lateral dispersion or elemental zoning) between
variables, statistically and spatially, determine an indicator
model and decrease the cost of Au analysis. Iterative BE
based on RA and ANOVA for 6 trenches (782 meter) in-
dicates that optimized model consisting of interaction ef-
fects can reveal the lateral dispersion pattern of predictors.
All the RQPMs were confirmed by the trends of R*, R*(-
adj.), R’(pred.) and F-ratio criteria. By investigating and
modeling trenches, it was found that Pb and Zn are the
main elements and PbxZn is an interacted predictor to de-
termine linear productivity or lateral dispersion of Au. But
in TR4 and TRS5 trenches which located on veins/veinlets,
brecciated zones, and silicic alteration, the threshold is
significant parameter.

The present study indicates that by incorporation of in-
teraction effects and application of regression analysis and
the BE procedure method could easily explain the disper-
sion and variation of Au and associated elements. Some
of the results from the BE based on iterative stepwise re-

DOI: https://doi.org/10.30564/jmmr.v2i1.1001



Journal of Metallic Material Research | Volume 02 | Issue 01 | April 2019

gression revealed that lateral dispersion of elements were
overlapped and confirmed with 2D surface contour maps
using a kriging technique. A distinct vertical zonation
which appeared by a transition zone in depth may indi-
cate a porphyry deposits at the depth. In addition, lateral
geochemical dispersion pattern for Au determined using
Zn>CuxPb>PbxZn predictors.
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