Responses and proposed changes to referees for gmd-2017-278
Daojun Zhang, Na Ren, and Xianhui Hou
Dear Editor,

We appreciate both you and the two anonymous reviewers giving our work (ID:
gmd-2017-278) positive comments and giving us the chance to make a further
modification of our manuscript. We have carefully modified the manuscript according
to the suggestions and comments provided by the reviewers and hope our
modification could meet with the requirement of GMD. Following are the responds to
the reviewers’ suggestions and comments one by one (all suggestions and comments
are colored in red, and our proposed changes to the manuscript are colored blue). At
the end of this file we attached the comparison between the newest edition and the

original edition.

Response to Anonymous Referee #1:

1. Line 52-53, these references are so old, please cite more recent references.

Thank you for your comments and suggestions. Here we mainly listed the method
research literatures. Unlike application researches, the method researches especially
original models (not including modified models) are generally older. Anyway, we
have added more recent models here as references, please see lines 57-64 in the

comparison edition attached. The new statement is as following.

“(1) Locations are introduced as direct or indirect independent variables. This type of
model is still a global model, but space coordinates or distance weights are employed
to adjust the regression estimation between the dependent variable and independent
variables (Agterberg, 1964; Agterberg and Cabilio, 1969; Agterberg, 1970; Agterberg
and Kelly, 1971; Agterberg, 1971; Casetti, 1972; Lesage & Pace, 2009, 2011).”

2. Line 57-61, it is better to show two recent examples.

Thank you for your comments and suggestions. We have added more references here,
which are about the new applications of models including locations as direct or
indirect independent variables, please see lines 64-71 in the comparison edition



attached. The new statement is as following.

“For example, Reddy et al. (1991) performed logistic regression by including trend
variables for mappingto map the base-metal potential in the Snow Lake area,
Manitoba, Canada. In addition, Casetti (1972) developed a ; Helbich & Griffith (2016)
compared the spatial expansion method (SEM) to other methods in modeling the
house price variation locally, where the regression parameters are themselves
functions of the x and y coordinates as well asand their combinations; Yu & Liu
(2016) used the spatial lag model (SLM) and spatial error model to control spatial
effects in modeling the relationship between PM, s concentrations and per capita GDP

in China.”

3. Line 63-67, there are various applications of GWR in Geosciences, they should
be cited here.

Thank you for your suggestion and we have added some new literatures bout the
application of GWR in different fields here, please see lines 74-78 in the comparison

edition attached. The new statementis as following.

“GWR wasmodels were first developed at the end of the 20th century by Brunsdon et
al. (1996) and Fotheringham et al. (1996, 1997, 2002) for modeling spatially
heterogeneous processes, and it hashave been used widely in the field of
geography.geosciences (e.g., Buyantuyev & Wu, 2010; Barbet-Massin et al., 2012;
Ma et al., 2014; Brauer et al., 2015).”



Response to Anonymous Referee #2:

The manuscript presents something that is technically sound. So it can be accepted for

publication after addressing the following comments:

1. The English needs to be improved. It has not been structured well. The statements
and propositions have not been organized properly. Reflecting the state of the art is
poor as well. The Introduction has not properly been tightened, so the problem and

the purpose are not clear.

Thank you for your suggestions. We have made a major revision to the manuscript.
As you can see in the modified manuscript attached, added or subtracted some
statements from the original manuscript to clarify the intentions of this work more
clearly. We also included the evidential layers in the modified manuscript (please also
see Figure R 1). With respect to instruction, we have re-sorted the previous researches
in overcoming the non-stationary of spatial variables (especially lines 111-134 in the
comparison edition attached), removed the redundant expressions to avoid repetition
with later model description parts, and set more natural paragraphs to enhance the
level of expression. Some expressions in the summary section have also been

modified.
Besides, the English was re-checked thoroughly.

2. In Fig. 8, two different data sets were bound together and can explicitly be
separated by a horizontal line. | think there is something wrong. Perhaps it would be
better that the two data sets (A and B) be gridded by the same cell size and the spatial
values should not be modeled/mapped individually. You should generate a model

similar to the Fig. 5.

Thank you for your suggestion. We have added that all the raster files in this research
are created with the cell size of 1 km x 1 km (lines 481-482 in the comparison edition
attached). In fact, it is missing data that caused the sharp differences between the

north and south parts (i.e. A and B in Fig. 5) of Fig. 8 (new Fig. 9) rather than data set



source, since we have made up a circumstance that there are no geochemical data in
region B (lines 485-488 in the comparison edition attached). These expressions are

cited following.

“The four independent variables described previously were also used for
ILRBSWT modeling in this study (see Figs. 4 (a) to (d)), and they were uniformed in
the ArcGIS grid format with a cell size of 1 km x 1 km. To demonstrate the
advantages of the new method for missing data processing, we designed an artificial
situation in Fig. 5, i.e., grids in region A have values for all four independent variables,
while they only have values for two independent variables and no values in the two

geochemical variables in region B. ”

We acknowledge that the texture looks finer in Fig. 5 (new Fig. 6), and that is
because this spatial variable is a continuous variable. However, as a posterior
probability layer, Fig. 8 (new Fig. 9) was obtained after the discretizing and
integrating the evidence layers, including the buffer layer and the geochemical
anomaly layer, which can easily lead to the spatial discontinuity of the grid value. As

a result, the texture looks rough, which is not caused by grid size differences.

3. Weighted evidence layers must be added to the manuscript.

Thank you for your suggestion and we have accepted it, please see Fig R 4 (Fig. 4 in
the attached comparison), which includes all original evidential layers used in this
research. Besides, as a sliding window model, ILRBSWT builds predictive model at
each local window, and the discretization of original evidential layers and the
determination of weights for each class are also based on the local window, thus it is

impossible to show the final weights used for modeling.
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Fig. R 1: Evidential layers used to map Au deposits in this study: buffer of anticline axes (a),

buffer for the contact of Goldenville-Halifax Formation (b), and background (c) and

anomaly (d) separated with the S-A filtering method based on the ore element loadings of the

first component.



4. The manuscript presents lack of a Discussion section.

Thank you for your suggestion and we have accepted it. We have added an individual
Discussion Section in the new manuscript to discuss the findings and deficiencies of
the study (lines 539-602 in the comparison edition attached). Besides, we have added
more analyses and discussions in section 5.5 about the comparison of the results of
different models (lines 604-638 in the comparison edition attached); please also see

details as cited following:
“6 Discussion

Because of potential spatial heterogeneity, the model parameter estimates obtained
based on the total equal-weight samples in the classical regression model may be
biased, and they may not be applicable for predicting each local region. Therefore, it
is necessary to adopt a local window model to overcome this issue. The presented
case study shows that ILRBSWT can obtain better prediction results than classical
logistic regression because of the former’s sliding local window model, and their
corresponding intersection point values are 2.85 and 2.45, respectively. However,
ILRBSWT has even advantages. For example, characterizing 26% or 29% of the total
study area as promising prospecting targets is too high in terms of economic
considerations. If instead 10% of the total area needs is mapped as the target area, the
proportions of correctly predicted known deposits obtained by ILRBSWT and logistic
regression are 44% and 24%, respectively. The prediction efficiency of the former is

1.8 times larger than the latter.

In this study, we did not separately consider the influences of spatial heterogeneity,
missing data, and degree of exploration weight all remain, so we cannot evaluate the
impact of each factor. Instead, the main goal of this work was to provide the
ILRBSWT tool, demonstrating its practicality and overall effect. Zhang et al. (2017)
applied this model to mapping intermediate and felsic igneous rocks and proved the
effectiveness of the ILRBSWT tool in overcoming the influence of spatial

heterogeneity specifically. In addition, Agterberg and Bonham-Carter (1999) showed



that WofE has the advantage of managing missing data, and we have taken a similar
strategy in ILRBSWT. We did not fully demonstrate the necessity of using
exploration weight in this work, which will be a direction for future research.
However, it will have little influence on the description and application of ILRBSWT
tool as it is not an obligatory factor, and users can individually decide if the

exploration weight should be used.

Similar to WofE and logistic regression, ILRBSWT is a data-driven method, thus it
inevitably suffers the same problems as data-driven methods, e.g., the information
loss caused by data discretization, and exploration bias caused by the training sample
location. However, it should be noted that evidential layers are discretized in each
local window instead of the total study area, which may cause less information loss.
This can also be regarded as an advantage of the ILRBSWT tool. With respect to
logistic regression and WofE, some researchers have proposed solutions to avoid
information loss resulting from spatial data discretization by performing continuous
weighting (Pu et al., 2008; Yousefi & Carranza, 2015b, 2015c, 2016), and these
concepts can be incorporated into further improvements of the ILRBSWT tool in the

future.”

5. The methods applied, i.e. “weights of evidence” and ““logistic regression” are
data-driven MPM methods, which carry exploration bias and uncertainty resulting
from using classified spatial data and location of known deposits as training sites.
Please add a discussion on the disadvantages of such data-driven MPM methods.
There are continuous weighting approaches using logistic functions (e.g.,
logistic-based weighting methods, geometric average function, continuous

fuzzification method, and ...) to avoid the aforementioned uncertainty.

Thank you for your suggestions and we have accepted them. We have included in the
Discussion Section a description about the shortcomings of the data-driven MPM
method, and reviewed previous efforts in overcoming the issues caused by data

discretization; please see details in the third paragraph in the discussion section.



6.  The evaluation method applied could not reflect the efficiency of the two models
ade-quately. So you can see that there is no much difference between the models. |
think it would be better if you could apply a prediction-area (P-A) plot and calculate

normalized density for the two models to compare them.

Thank you for your suggestion, and we have accepted it. We applied the
prediction-area (P-A) plot and normalized density in the new manuscript to replace
the previous used t-value method for model comparison in 5.5 Comparison of the
mapping results” (lines 538-558 in the comparison edition attached), as is cited

following.

“To evaluate the predictive capacity of the newly developed and traditional methods,
the posterior probability maps obtained through logistic regression and ILRBSWT
shown in Fig. 9 (a) and 9 (b) were divided into 20 classes using the quantile method.
Prediction-area (P-A) plots (Mihalasky & Bonham-Carter, 2001; Yousefi et al., 2012;
Yousefi & Carranza, 2015a) were then made according to the spatial overlay
relationships between Au deposits and the two classified posterior probability maps in
Fig. 10 (a) and (b) respectively. In a P-A plot, the horizontal ordinate indicates the
discretized classes of a map representing the occurrence of deposits. The vertical
scales on the left and right sides indicate the percentage of correctly predicted
deposits from the total known mineral occurrences and the corresponding percentage
of the delineated target area from the total study area (Yousefi & Carranza, 2015a).
As shown in Figs. 10 (a) and (b), with the decline of the posterior probability
threshold for the mineral occurrence from left to right on the horizontal axis, more
known deposits are correctly predicted, and meantime more areas are delimited as the
target area; however, the growth in the prediction rates for deposits and corresponding
occupied area are similar before the intersection point in Fig. 10 (a), while the former
shows higher growth rate than the latter in Fig. 10 (b). This difference suggests that
ILRBSWT can predict more known Au deposits than logistic regression for
delineating targets with the same area, and indicates that the former has a higher

prediction efficiency than the latter.



It would be a little inconvenient to consider the ratios of both predicted known
deposits and occupied area. Mihalasky and Bonham-Carter (2001) proposed a
normalized density, i.e. the ratio of the predicted rate of known deposits to its
corresponding occupied area. The intersection point in a P-A plot is the crossing of
two curves. The first is fitted from scatter plots of the class number of the posterior
probability map and rate of predicted deposit occurrences (the “Prediction rate”
curves in Fig. 10). The second is fitted according to the class number of the posterior
probability map and corresponding accumulated area rate (the “Area” curves in Fig.
10). At the interaction point, the sum of the prediction rate and corresponding
occupied area rate is 1; the normalized density at this point is more commonly used to
evaluate the performance of a certain spatial variable in indicating the occurrence of
ore deposits (Yousefi & Carranza, 2015a). The intersection point parameters for both
models are given in Table 1. As shown in the table, 71% of the known deposits are
correctly predicted with 29% of the total study area delineated as target area when the
logistic regression is applied; if ILRBSWT if applied, 74% of the known deposits can
be correctly predicted with only 26% of the total area delineated as the target area.
The normalized densities for the posterior probability maps obtained from the logistic
regression and ILRBSWT are 2.45 and 2.85 respectively; the latter performed

significantly better than the former.”

The evaluation results supported the conclusions of this research, Please see Fig.

R 2 (Fig. 10 in the comparison edition attached).
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Fig. R 2: Prediction-area (P-A) plots for discretized posterior probability maps obtained

by logistic regression and ILRBSWT respectively.

7. The Conclusion is somewhat repetition of the text body. Please re-think about the

Conclusion.
Thank you for your comment and the conclusion has been reorganized:

“Given the problems in existing MPM models, this research provides an ILRBSWT
tool. We have proven its operability and effectiveness through a case study. This
research is also expected to provide a software tool support for geological exploration

researchers and workers in overcoming the non-stationarity of spatial variables,



missing data, and differences in exploration degree, which should improve the

efficiency of MPM work.”
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tmprovedAn improved logistic regression model based on a spatially weighted technique

(ILRBSWT v1.0) and its application to mineral prospectivity mapping_
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Abstract: Bue-to-complexityThe combination of complex, multiple minerogenic stages; and

mineral superposition during geological processes—the has resulted in dynamic spatial

distributions and non-stationarity of geological variables—also—exhibit—specific—trends—and
non-statienarity..  For example, geochemical elements exhibit ebvieusclear spatial

non-statienarityvariability and trends beeause—ofthe—depesition—ofdifferenttypes—efwith
coverage- type changes. Thus, bias may-clearlyis likely to occur under these conditions when

general regression models are applied to mineral prospectivity mapping (MPM). In this study,
we used a spatially weighted technique to improve general logistic regression and developed
an improved model-called, i.e., the improved logistic regression model, based on_a spatially
weighted technique (ILRBSWT, version 1.0). The capabilities and advantages of ILRBSWT
are as follows: (1) H-RBSW/ it is-essentiathy a geographically weighted regression (GWR)

model, and thus it has all its-advantages of G\WR when dealing-withmanaging spatial trends

and non-stationarity; (2) while the current software employed for GWR mainly applies linear
regression-whereas, ILRBSWT is based on logistic regression, which is used-more commenly
insuitable for MPM because mineralization is a binary event; (3) a missing data

proeessprocessing method borrowed from weights of evidence is included in ILRBSWT to
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extend theits adaptability when dealing-withmanaging multisource data; and (4) in addition to

geographical distance, the differences efin data quality or exploration level can alse-be

weighted in the new model-aswel-as-the-geographical-distance,

Keywords: anisotropy; geographical information system modeling; geographically weighted

logistic regression; mineral resource assessment; missing data; trend variable; weights of

evidence.

1 Introduction

The main distinguishing characteristic of spatial statistics compared withto classical statistics
is that the former has a location attribute. Before the-development-ef-geographical information
systems_were developed, spatial statistical problems were often transformed into general
statistical problems, where the spatial coordinates were mere—likesimilar to a sample ID
because they only had an indexing feature. However, even in non-spatial statistics, the
reversal paradex-or amalgamation paradox (Pearson et al., 1899; Yule, 1903; Simpson, 1951),
which is commonly called Simpson's paradox (Blyth, 1972), has attracted muchsignificant
attention from statisticians and other researchers. In spatial statistics, some spatial variables
uswath-exhibit certain trends and spatial non-stationarity. Thus, it is possible for Simpson's
paradox to occur when a globalclassical regression model is applied, and the existence of
unknown important variables may makeworsen this condition-even-werse. The influence of
Simpson's paradox can be fatal. For example, in geology, due to the presence of cover and
other factors that occur after—post-mineralization, the-ore-forming elements in Area T are
generathy-much lower than those in Area 11, butwhile the actual probability of a mineral in
Area 1 is higher than that in Area Il,—and_simply because more deposits may—bewere
discovered in Area I (Agterberg, 1971). In this case, a-negative cerrelation-willcorrelations

would be obtained between the-ore-forming elements and the-mineralization according to the
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classical regression model, whereas a-high positive cerrelationcorrelations can be obtained in
both areas if they are separated. Simpson's paradox is an extreme case of the-bias eaused-by

using—a—glebal-medelgenerated from classical models, and it is usually not so severe in

practice. However, this type of biasedbias needs to be considered and we-should-take-care

needs to be taken when applying a classical regression model to a spatial problem. Several

solutions to this issue have been proposed-previeushy, which can be divided into three types.
(1) Locations are introduced as direct or indirect independent variables. Several-studies

have-employed-spatial-trendThis type of model is still a global model, but space coordinates

or distance weights are employed to adjust the regression estimation between the dependent

variable and independent variables (Agterberg, 1964; Agterberg and Cabilio, 1969; Agterberg,

1970; Agterberg and Kelly, 1971; Agterberg, 1971)-te-express-tinear-orneontineartrends—in

variables:; Casetti, 1972; Lesage & Pace, 2009, 2011). For example, Reddy et al. (1991)

performed logistic regression by including trend variables fer-mappingto map the base-metal

potential in the Snow Lake area, Manitoba, Canada--tn-addition-Casetti-(1972)-developed-a-;

Helbich & Griffith (2016) compared the spatial expansion method (SEM) to other methods in

modeling the house price variation locally, where the regression parameters are themselves

functions of the x and y coordinates as-wel-asand their combinations; Yu & Liu (2016) used

the spatial lag model (SLM) and spatial error model to control spatial effects in modeling the

relationship between PM3 s concentrations and per capita GDP in China.

(2) Ysing—lecallLocal models_are used to replace global models, i.e., geographically
weighted models (Fotheringham et al., 2002). Geographically weighted regression (GWR) is
the most popular model among the geographically weighted models. GWR wasmodels were

first developed at the end of the 20" century by Brunsdon et al. (1996) and Fotheringham et al.
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(1996, 1997, 2002) for modeling spatially heterogeneous processes, and -hashave been used

widely in the-field-efgeoegraphy-geosciences (e.g., Buyantuyev & Wu, 2010; Barbet-Massin et

al., 2012; Ma et al., 2014; Brauer et al., 2015).

(3) Reducing-the trends in spatial variables. For example, Cheng developed a local
singularity analysis technique and spectrum-area (S-A) model based on fractal/multi-fractal
theory (Cheng, 1997; Cheng, 1999). These methods can remove spatial trends and
preventmitigate the strong effects on predictions of the eriginalvariables starting at high and
low values-ef-the-variables-on-predictions, and thus they are used widely to weaken the effect
of spatial non-stationarity te-seme-degree—(e.g., Z#eZhang et al., 2016; ZhangZuo et al.,

2016; Xiao et al., 2017).

GWR models can be readily visualized and wnderstood;—and-itis-particularhyvalidfor

vare intuitive, which have

made them applied in geography and other areasdisciplines that require spatial data analysis.
In general, GWR is a moving window-based model where instead of establishing a unique
and global model for prediction, it makes-a-prediction-forpredicts each current location using
the surrounding samples, and a higher weight is given when the sample is located closer. The
theoretical foundation of GWR is based-en-Tobler’s observation that: “everything is related to
everything else, but near things are more related than distant things (Tobler, 1970).

In mineral prospectivity mapping (MPM), the dependent variables are binary and

logistic regression is used instead of linear regression,—ané; therefore, it is necessary to apply

geographically weighted logistic regression (GWLR) instead. GWLR belengs—tois a type of
geographically weighed generalized linear regression model (Fotheringham et al-., 2002) and
itthat is included in the software module GWR 4.09 (Nakaya, 2016). However, the function

module for GWLR in current software can only deal-with-themanage data in the form of a

tabular dataset containing the fields efwith dependent and independent variables; and the-x-y
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coordinates. Therefore, the spatial layers musthave to be re-processed into two-dimensional
tables and the resulting data needs to be transformed back into a spatial form.

Another problem with the-application-ofapplying GWR 4.09 for MPM is that it cannot
dealwithhandle missing data (Nakaya, 2016). Weights of evidence (WofE) is a widely used
model for MPM (Bonham-Carter et al., 1988, 1989; Agterberg, 1989; Agterberg et al., 1990);
which—ean—aveid) that mitigates the effecteffects of missing data. However, WofE was
developed based-en-the-premise-that-an-assumption-efassuming that conditional independence
is satisfied among—the evidential layers with respect to the target layer; otherwise, the
posterior probabilities will be biased, and the number of estimated deposits will rst-be

egualunequal to the known deposits. Agterberg (2011) combined WOofE with logistic

regression and proposed a new model that can obtain an unbiased estimated-of-the-pumberof

differences-ameng-samples—estimate of number of deposits while also avoiding the effect of

missing data. In this study, we employed Agterberg (2011) ‘s to account for missing data.

TFhe-ideaOne more improvement of the ILRBSWT is that a mask layer is included in the

[Formatted: Font: 12 pt
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new model to address data quality and exploration level differences between samples.

Conceptually, this research is-originoriginated from the first-author’s-doetoral-thesis

{of Zhang;— (2015); in Chinese;), which has-been-shown-to-haveshowed better efficiency
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for mapping intermediate and felsic igneous rocks (Zhang et al., 2017). Fhe-contribution

ofthis—research—is—to—elaberate—the—prineipleThis work elaborates on the principles of
ILRBSWT, and prevideprovides a detailed algorithm for its design and implementation

process with the code and software module attached. In addition, the—processing ef

missing data is not a technique covered in GWR modeling presented in prior research, and

a solution borrowed from WofE is provided in this study. Finally, ILRBSWT performance

in MPM is tested by formerresearches—-Atlast-the-prediction-ofpredicting Au ore deposits
in western Meguma Terrain, Nova Scotia, Canada;—is-chesen-as—case-study-to-show-the
DO OEROACEe SRS I MAD L

2 Models

Linear regression is commonly used for exploring the relationship between a response
variable and one or more explanatory variables. However, in MPM and other fields, the
response variable is binary or dichotomous, so linear regression is not applicable and thus a
logistic model ean-beis advantageous.

2.1 Logistic Regression

In MPM, the dependent variable(¥) is binary sineebecause Y can only take the value of 1 and

0, which-means-theindicating that mineralization occurs erand not respectively. Suppose that
T represents the estimation of Y, 0<<mt<1, then a logit transformation of  can be made, i.e.,
logit (m) =In(m/(1-m)). LegisticThe logistic regression function can be obtained as
foHowing-follows:

Logit (Xy, X2, -+, Xp) = Bo + PrX1 + -+ BpX, @
where X;, X5+, Xp, comprises a sample of p explanatory variables x;,x,,:+,x,, fois the

intercept, and By, B, -+, B are regression coefficients.
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If there are n samples, we can obtain n linear equations with p+1 unknowns based on
equation (1). Furthermore, if we suppose that the observed values for Y are Y;,Y,, -+, Yy, and
these observations are independent of each other, then a likelihood function can be

established: —
L(B) = Ty (m ' (1 — m)1~70), @

PotBiXipt+BpXip . ) .
PN I 7 ey o The best estimate can be obtained

where m; = w(Xip, Xz, -+, Xip) =
ane-only if equation (2) takes the maximum. Then the problem is converted into solving
B1, B2+, Bp. Equation (2) can be further transformed into the following log-likelihood
function-:
InL(B) = i, (Ym; + (1 — ) (1 — ) (3)
The solution can be obtained by taking the first partial derivative of g; (i = 0 to p),
which should be equal to 0-:
F(Bo) = Ziko(Yi—m)Xio = 0
f(B) = Z?:O(:Yi_”i)Xil =0 (@)
\(8,) = Zlkolt-m)X,y = 0
where X;, = 1, i takes the value from 1 to n, and equation (4) is obtained in the form of
matrix operations.
XT(Y-m) =0 (5)
The Newton iterative method can be used to solve the nonlinear equations:
Bt+1D=B®+H'U, (6)
where H = XTV(£)X, U = XT(Y — n(t)), t represents the number of iterations, and V(t), X,

Y, m(t)—), and B(t) are obtained as follows:

() (1 — 1y (¢)) \
() (1 — 1, (8))

® = . ,
- \ " nn(t)(l—nn(t))/
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/X10 Xig o le\ Y ™ (t) Bi(6)
X= X:20 X:21 X:Zp L Y=( ] m) = ‘l'[z:(t) .and G(t)=kﬁ2(t))

Xno Xn1 an Yy T, (8) .én(t)
Hosmer—et—al—(2013)providedFor a more information—abeutdetailed description of the
derivation-fromderivations of equations (1) to (6), see Hosmer et al. (2013).

2.2 Weighted Logistic Regression

In practice, vector data is pepuiarhyoften used, and sample size (area) has to be considered. In
this condition, weighted logistic regression modeling should be used instead of a general
logistic regression. t-addition—tlt is_also preferable to use a weighted logistic regression
model when a logical regression should be performed for large sample data;-sinee_because
weighted logical regression can greathysignificantly reduce the-size-ef-the-matrix size and
improve-the computational efficiency (Agterberg, 1992). Assuming that there are four binary
explanatory variable layers and the study area consists of 10001000 grid points, the matrix
size for normal logic regression modeling would be 108x<10°%; however, if weighted logistic

regression is used, the matrix size would be 32>32 at most. Fhat—isThis condition arises

because the sample classification process is contained in the weighted logistic regression, and
all samples are classified into the-classes which-ewnwith the same values atas the dependent
and each-independent variables. The samples with the same dependent and independent
variables form certain continuous and discontinuous patterns in space, which are called
“unique condition” units. Each unique condition unit is then treated as a sample, and the area
(grid number) for it is taken as weight in the weighed logistic regression. Thus, +for the-case
of weighted logical regression, equations (2) to (5) in section 2.1 need to be changed as

folowing-Equationsto equations (7) to (10) respeetivehyas follows.

Lnew(B) = [Ty (0 (1 — )M=Yy, @
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InLyey, (B) = X7 (VY + N;(1 = Y) (A — 1)) (8)

frew(Bo) = Z?:o(Yi—ni)Xm =0
fnew(.Bl) = ?:9(}’1'—%))(1-1 =0

kfnew( ﬂp) = Z}‘L:.O(Yi_”i)Xip =0

©)

XTW(Y-m) =0 (10)
where N; is the weight for the i-th unique condition unit, i takes the value from 1 to n, and n

is the total-number of grid-peints—Andunique condition units. W is a diagonal matrix which

ean-bethat is expressed as foHowing-follows:

wol w0
V)

BesidesIn addition, new values of H and U should be used in equation (6) to perform

Newton iterative—underiteration as part of the weighted logistic regression, i.e., Hye, =

XTWV(D)X, Upen = XTW(Y — 1(t)).

2.3 Geographically Weighted Logistic Regression

GWLR is a local window-based model becausewhere logistic regression is established at each
current location in the GWLR. The current location is changed using the moving window
technique with a loop program. H-we-suppeseSuppose that u represents the current location,
which can be uniquely determined by a pair of column and row numbers, x denotes that-p
explanatory variables x,x,,--+,x, that take values of Xi,X,,---,X, —respectively, and
n(x,u) is the estimates-ef-YY estimate, i.e., the probability that Y takes a value of 1, and then
the following function can be obtained.

Logit (x, w) =Fyrle—+Hr = fo(w) + S (W)¥rx; + B (W, + - + Bp (W), ,
an

where, Bo(u), B;(u), -, Bp(u) denoteindicate that these parameters are obtained at the

location of wu. Fhe-Logit(x, u), the predicted probability for the current location u, can be

9
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obtained under the condition that the values of all the-independent variables are known at the
current location and all-et-the parameters are also calculated based on the samples within the
current local window. According to equation (6) in section 2.1, the parameters for GWLR can
be estimated with equation (12):

BWsy = B(w) + XTW@V(OX) ' XTW(u) (Y — (1)), (12)
where t represents the number of iterations; X is a matrix eemprisingthat includes the values
of all the-independent variablevariables, and all-ef-the elements in the first column are 1;
W(u) is a diagonal matrix where the diagonal elements are geographical weights, which can
be calculated according to distance, whereas the other elements are all 0; V(t) is also a
diagonal matrix and the diagonal element can be expressed as =;(t)(1 — m;(t)); and Y is a
column vector representing the values taken by the dependent variable.

2.4 Improved Logistic Regression Model based on the Spatially Weighted Technique

As is_mentioned in the introduction section, there are primarily two improvements for

ILRBSWT compared to GWLR, i.e., the capacity to manage different types of weights, and

the special handling of missing data.

2.4.1 Integration of Different Weights

If a diagonal element in W(u) is only for one sample-{, i.e., the grid point in raster data);,

section 2.3 can-be-seen-as-the-is an improvement efon section 2.1, i.e. samples are weighted
according to #stheir location. If samples are first reclassified firsthy-according to_the unique
condition mentioned in section 2.2, and corresponding weights are then summarized
according to each sample’s geographical weight, we can obtain an improved logistic
regression model considering both sample sizessize and geographical distaneesdistance. The
new model ean-net-ontyboth reflects the spatial distribution of samples-but-alse—+educe and

reduces the matrix size, ane-twhich is te-be-discussed in the following section.
In addition to geographic factors, the-degree—censidered—in-the-study—can—affect-the
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representativeness of a sample, e.g., differences in the level of exploration, is also considered
in this study.

Suppose that there are n grid points in the current local window, S; is the i-th grid, Wi(g)
is the geographical weight of S;, and W;(d) represents the individual difference weight or
non-geographical weight—{in. In some cases, there may be differences in quality or the
exploration level among samples, but W;(d) takes a value of 1 if there is no difference),,
where i takes a value from 1 to n. Furthermore, if we suppose that there are N unique
conditions after overlaying all ef-the-layers (N < n) and C;j denotes the j-th unique condition

unit, then we can obtain the final weight for each unique condition unit in the current local

window:
W;(t) = XL [Wi(g) = Wi(d) = df], (13)

here (Al =1 IS €6 Lo lue from 1 t j tak lue from 1 to N, and
where {dflzo ifSiecj,l akKes a value trom 0 n, —J takes a value trom 0 N, an

W;(t) represents the total weight (by combining both W;(g) and W;(d)) for each unique
condition unit. We can use the final weight calculated in equation (13) to replace the original
weight in equation (12), which is ene-of the-advantagesan advantage of ILRBSWT.

2.54.2 Missing data processing

Missing data is a problem-existing in all statistics-related research fields. In MPM, missing
data are also prevalent due to ground coverage, and limitations of exploration technique and
measurement accuracy. Agterberg and Bonham-Carter (1999) ence-compared_the following
commonly used missing data processing solutions: (1) removing variables containing missing
data, (2) deleting samples with missing data, (3) using 0 to replace the-missing data, and (4)
replacing the-missing data with the mean of the corresponding variable. From-thepeint-of

utitization-efficieney-ofTo efficiently use existing data, both (1) and (2) are clearly not good

solutions sinceas more data will be lost. Solution (3) is superior to (4) for-missing-values-due

1
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to-the-detection-Himit-of the-measuring-instrumentin the condition that work has not been done
and real data is unknown; with respect to the-missing data caused by thetmitation—of

geographical-envirenment—and—the—prospeeting—techniguedetection limits, solution (4) is
ebvioushyclearly a better choice. Missing data is mainbyprimarily caused by the latter in MPM,

and Agterberg (2011) pointed out that missing data ceuld-be-evenwas better dealt-with-by
performingaddressed in a WofE model. In WofE, the evidential variable takes the value of
positive weight (W*) if it is favorable for the happening—of-the—target variable (e.g.,
mineralization};-and), while the evidential variable takes the value of negative weight (W ™) if
it is unfavorable for the happening-of-the-target variable; and automatically the evidential

variable takes the value of “0” if there is missing data-happens.

Dq

W* =1In Ail (14)

Z1-Dq

A-D
W~ =In2— (15)

where A is an evidential layer, A1 meansis the area (or grid number, similarly hereinafter) that |

A takes the value of 1, and A2 meansis the area that A takes the value of 0; As meansis the area

with missing data, and A1+A is smaller than the total study area if missing data exists. Ds, D2,

and D3 are the-area-thatareas where the target variable-takesvariables take the value of 1 in A,
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A, and As respectively. ta-fact-As and Dz are not used in equation (15) sineebecause no
\

information is provided in area As.
However—itispreferred-to-use-If “1” and “0” are still used to represent the pesitive-and
negativebinary condition of the independent variable inlogistic—regression—model—tn-this

casesinstead of W*and W™, equation (16) can be used to replace missing data in logistic

regression modeling—which-witl-cause-an-eguivalenteffectjust-as-missing-data-are-processed
nWofE,
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wo IngZping’
M = 2Dz (16)

= - = D D
wt—-w 1 2
lnAl_D1 lnAZ_D2

3 Design of the ILRBSWT Algorithm
3.1 Local Window Design
A raster data set is used for ILRBSWT modeling. With a-regular gridgrids, the distance
between any two grid points can be calculated easily and we—can—even—ebtain—distance
templates within a certain window scope can be obtained, which is highly efficient for data
processing. The circle and ellipse are used for isotropic and anisotropic local window designs,
respectively.

(1) Circular Local Window Design

Hwe-suppeseSuppose that W represents a local circular window where the minimum
bounding rectangle is R, then the geographical weights can be calculated only inside R.
ObvioushyClearly, the grid points inside ef-R but outside of W should be weighted as 0, and
the wetghtsweight for the grid petatswith a center inside W should be calculated according to
the distances-between-themselves-and-thedistance from its current location. Because R should
beis a square-se, we can also assume that there are n columns and rows in Rit, where n is an
odd number. If we take east and south as the orientations of the x-axis and y-axis, respectively,
and the position of the northwest corner grid is defined as (x = 1, y = 1), then a local

rectangular coordinate system can be established and the position ferof the current location

grid can be expressed as O (x = nT“ y = "T“). The distance between any grid inside W and

2 2
the current location grid can be expressed as d,_;; = J(l - "T“) + (j - nTH) , where i and

j take values ranging from 1 to n. The geographical weight is a function of distance, so it is
convenient to calculate w;; with d,_;;—. Figure 1 shows the weight template for a circular

local window with a half-window size of nine grid-points—qgrids.
13
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Fig. 1 Weight template for a circular local window with a half-window size of nine gric-
peintsgrids, where wl to w30 represent different weight classes that decrease with distaneedistances
and 0 denotesindicates that the grid is weighted as 0. Gradient colors ranging from red to green are
used to distinguish the weight classes for grid points.

H-we-suppeseSuppose that there are T_n columns and T_m rows in the study area, and

Current (T_i, T_j) represents the current location, where T_i takes values from 1 to T_n and

T_j takes values from 1 to T_m, then the current local window can be established by selecting
the range of rows T_i—"—* to T_i+"—= and columns T_j —"= to T_j+"—= based

onfrom the total research area. Next, we can establish a local rectangular coordinate system

according to the

corner—are—defined—as—the—coordinate—origin—by—subtractingpreviously described steps; we

14
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subtract T_i — nT_l and T; — nT_l fremon the x and y coordinates; respectively; for all ef-the

grid-peintsgrids in the range. The corresponding relationship can then be established between
the weight template and the—current window. Global weights can also be included via the
matrix product between the global weight layer and local weight template within the local
window. In addition, special care should be taken when the weight template covers some area
outside the study area, i.e-g=., T_i — nT_l <0, Ti+ "T_l >Tn, Tj— nT_l <0,and T_j+

nT_l >T_m.

(2) Elliptic Local Window Design

In most cases, the spatial weights—change-tetendency of the spatial variable degrees

may vary with different directions and an elliptic local window may be-better for
deseribingdescribe the changes in the-weights in space. fa-erdertoTo simplify the calculation,
we can convert the distances in different directions into equivalent distances, and an
anisotropic problem is then beeomesconverted into an isotropic problem. For any grid, the
equivalent distance is the semi-major axis length of the ellipse that passes-threugh-the-grid

and-that-is centered at the current location,—where and passes through the grid, while the

parameters for the ellipse can be determined using the kriging method.

We still use W to represent the local elliptic window and a, r, and @ are defined as the
semi-major axis, the-ratio of the semi-minor axis relative to the semi-major axis, and the
azimuth of the semi-major axis, respectively. Then, W can be covered by a square R;-where
the whose side length is 2a-1 and the-center is the same as W. There are (2a -1) %< (2a — 1)
grid-peintsgrids in R. We establish the rectangular coordinates as described above and-we
suppose that the center of the top left grid in R is located at (x = 1, y = 1), and thus the center

of W should be -0(x, = a,y, = a). According to the definition of the ellipse, two of the

elliptical focuses are located at Fi (x1 =a+sin(@)Ja®?—(a*r)%y, =a—
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con(0)+/a? — (a* T)Z) and F2 (x, =a—sin(@)ya? - (axr)?y, =a+

con(#)+/a? — (a *r)?)—). The summed distances between a point and-the two focus points

can be expressed as I;; = /(i — x1)? + (j — y1)? + /(i —x2)% + (j — ¥2)?, where i and ]
take values from 1 to 2a — 1. According to the elliptical focus fermulawe-can-decide-whether
a-grid-in-R-is-loeated-in-W-—Ferequation, for any grid in R, if the sum of the distances between
the two focal points and a grid center is greater than 2a, then-the grid is located #within W,
and vice versa. For the grid-peintsgrids outside of W, the weight is assigned as 0, and we only
need to calculate the equivalent distances sheuld-be-caleulated-for the grid-peintsgrids within
W. As mentioned above, the parameters for the ellipse can be determined using the kriging
method. In the-ellipse W, where the semi-major axis is a, we-keep-r and 6 are maintained as
constants, sethen we—can obtain countless ellipses centered at the center of W, and the
equivalent distance is the same on the same elliptical orbit. Thus, the equivalent distance

template can be obtained for the local elliptic tecal-window. Figure 2 shows the equivalent

distance templates under the conditions that a = 11 grid-peintsgrids, r = 0.5, and the azimuths

for the semi-major axis are 0< 45< 90< and 135<-where-the-weight-template-can-also-be
caleulated-based-enFig—2—_respectively.
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Fig. 2 Construction of the distance template based on aan elliptic local window: a = 11 grid
points, r = 0.5, and the azimuths for the semi-major axis are 0°(a), 45<b), 90<(c), and 135°(d).)_
respectively.

3.2 PseudocedeAlgorithm for ILRBSWT
The ILRBSWT method primarily focuses—mainty on two problems, i.e., spatial
non-stationarity and missing data. We use the moving window technique to establish a-local

models instead of a global model;—~which-can to overcome the-spatial non-stationarity-better

compared-with-the-glebal-medel. The spatial t-value employed in the WofE method is used to

binarize spatial variables based on the local window, which is quite different from traditional
binarization based on the global range, where-the missing data can be handled well because
positive and negative weights are used instead of the original values of “1” and “0”-values,
and the-missing data can-then-beare represented well-as “0.” Both the isotropy and anisotropy
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window types are pessibleprovided in our new proposed model. The geographical
weightsweight function and the-window size can be determined by the users-themsebves. If
the geographic weights are equal and there are no missing data, then-ILRBSWT will yield the
same posterior probabilities as classical logistic regression; hence, the later can be
treatedviewed as a special case of the former. The core ILRBSWT algorithm is as follows.

Step 1. Establish a loop for all ef-the-grid-peiatsgrids in the study area according to both
the columns and rows. Determine a basic local window with a size of rmin based on a variation
function or other method. In addition, the maximum local window with-a-size of fmais set as
I'max, With an interval of AR. H-we suppeseSuppose that a geographical weightweighted
model has already been given in the form of a Gaussian curve determined byfrom variations
in the-geostatistics, i.e., W(g) = e"“’z, where d is the distance and A is the attenuation
coefficient, then we can calculate the geographical weight for any grid in the current local
window. The equivalent radius should be used in the anisotropic situation. When other types
of weights are considered, e.g., the degree of exploration or research, it is also necessary to
synthesize the geographical weights andwith other weights (see equation 1613).

Step 2. Establish a loop for all ef-the-independent variables. In a circular (elliptical)
window with a radius (equivalent radius) of rmin, apply the WofE (Agterberg, 1992) model
according to the grid weight determined in step 1, thereby obtaining a statistical table

containing the parameters of-W;, W;;—, and t;

T where i is the i-th independent variable

jr
and j denotes the j-th binarization.

Step 2.1. If a maximum ¢;; exists and it is greater than or equal to the standard t-value

(e.9., 1.96), record the values of W .. ., Wz

“max_t = and Bi_may ¢, Which denote the
positive weight, negative weight, and corresponding binarization, respectively, under the
condition where t takes the maximum value. Go to step 2 and apply the WofE model to the

other independent variables.
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Step 2.2. If a maximum ¢;; does not exist, or it is smaller than the standard t-value, go to
step 3.

Step 3. In a circular (elliptical) window with a radius (equivalent radius) of rmax, increase
the current local window based-enradius from rmin according to the algorithm in step 1.

Step 3.1. If all-ef-the independent variables have already been processed, go to step 4.

Step 3.2. If the size of the current local window exceeds the size of rmax, then-disregard
the current independent variable and go to step 2 to consider the remaining independent
variables.

Step 3.3. Apply the WofE model according to the grid weight determined in step 1 in the
current local window;-which-has-increased:. If a maximum t;; exists and it is greater than or
equal to the standard t-value, record the values of W;* .y +v W imax ¢+ Bi—max t—. and
Feurentlcurrent, WhiCh representsrepresent the radius (equivalent radius) for the current local
window.

Step 3.4. If a maximum ¢t;; does not exist or it is smaller than the standard t-value, go to
step 3.

Step 4. Suppose that ng independent variables are-remainingstill remain.

Step 4.1. If ng; < 1,-then calculate the mean value for the dependent variable in the
current local window with a radius size of rmax and retain it as the posterior probability in the
current location. In addition, set the regression coefficients for all ofthe-independent variables
as missing data. Go to step 6.

Step 4.2. If ngy > 1,-then find the independent variable with the largest local window and
apply the WofE model to all the-other independent variables, befererecordingand then update
the values of Wi* .y ¢v Wilmax ¢ @nd Bj_pax —forthistime and-then-go. Go to step 5.

Step 5. Apply the logistic regression model based on the previously determined

geographic weights, and for each independent variable: (1) use W;* ., . to replace all of the
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449
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451

452

values that are less than or equal to B;_pay ¢5. (2) Use W7 .y + 1O replace all of-the-values
that are greater than B;_pax ;. and (3) use 0 to replace no data (“-9999”). The posterior
probability and regression coefficients can then be obtained for all ef-the-independent
variables at the current location; and go to step 6.

Step 6. Take the next grid as the current location and repeat steps 2-5.

4 Interface Design

visualization—and-mapping—procedures—are—performedBefore performing spatially weighted

logistical regression with ILRBSWT 1.0, data pre-processing is performed using the ArcGIS

10.2 platform and GeoDAS 4.0 software. Fhe—mapsAll data are_originally stored in grid

format, which areshould be transformed into ASCII files based-on-tocls-included-in-with the

Arc toolbox before-the-improved-GEWR-isperformed—in ArcGIS 10.2; after modeling with

ILRBSWT 1.0, the result data will be transformed back into grid format

As shown in Fig. 3, the main interface for the-improved GLWR-comprises-ILRBSWT

1.0 is composed of four parts.

The upper left part is for the layer input settings, where independent variable layers,
dependent variable layers, and global weight layers should be assigned-i-they-exist.. Layer
information is shown at the upper right corner, including the-row numbers, column numbers,
grid size, ordinate origin, and the expression for missing data. The local window parameters

and weight attenuation function can be defined in-the-middie.as follows. Using the drop-down

list, we ean-prepareprepared a circle or ellipse to represent various isotropic and anisotropic
spatial conditions, respectively. The corresponding window parameters should be set for each
window type. For the ellipse, it is necessary to set parameters comprisingcomposed of the

initial length of the equivalent radius (initial major radius), the-final length of the equivalent

20



453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

radius (largest major radius), the-increase in the length of the equivalent radius (growth rate),
the-threshold of the spatial t-value used to determine the need to enlarge the window, the
length ratio of the major and minor axes, the-orientation of the ellipse’s major axis, and the
compensation coefficient for the sill. Next—is-necessary-to-define-theWe prepared different
types of weight attenuation function-and-a-variety-ef-kernel-functions_via the drop-down menu

to provide choices to users, such as exponential model, logarithmic model, Gaussian model,

erand spherical model, via-the-drop-dewn-ment—Mereand corresponding parameters can be

set when a certain model is selected. The output file settings-areis defined at the bottom and

the execution button is at the lower right corner.

Kemel function Setting

Function Type Exponential Function v

ehr _ 1

T ebtmaj — 1

W, =1

Set Output Directory | F:\test\Datatoutput

0.02

o5l GeoWeiBasedOnGridLayer = 85 X
Input layer Setting
F:\test'Data'no missing'and_buf.txt
F:itest'Data'no missing'con_buf.txt Row Count 114
Load Independent Layers | | F:test'Data'no m?ss?ng sa_a.txt Column Count 92
Fitest'Data'no missing'sa_b.txt
= Cell Size 1000
Load Global Weight La F:'test'Data'no missing'e_w.txt Original X 302869.799949
ol Weighi Laves Original Y 4832300.168466
- F:test\Data\no missi s txt NoData -9999
Load A ‘ test Datalno missing'ore_y ‘
Local Window Setting
Window Type Ellipse - Ratio of Radius 0.359
Initial Major Radius 87 Orientation 65
Largest Major Radius 107 Compensation Coefficient for Sill 0.77
Growth Rate 0.3 Threshold Value for Spatial t 1.96

Fig. 3 User interface design.

5 Real Data Testing

5.1 Data source and preprocessing
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The test data used in this study were obtained from the case study reported byin Cheng (2008).
The study area (=7780 km?) wasis located in western Meguma Terrain, Nova Scotia, Canada.
Four independent variables were used in the WofE model for gold mineral potential mapping
by Cheng (2008), i.e., buffer of anticline axes, buffer for the contact of Goldenville-Halifax
Formation, and background and anomaly separated with the S-A filtering method based on
theore element loadings of the ere-elements-of-the-first component—Mere-infermation-about

the-data-set-can-be-found, as shown in Cheng-{2008)-Fig. 4.

Four
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Fig. 4 Evidential layers used to map Au deposits in this study: buffer of anticline axes (a), buffer for

the contact of Goldenville—Halifax Formation (b), and background (c) and anomaly (d) separated

with the S-Afiltering method based on the ore element loadings of the first component.

The four independent variables mentioned-abevedescribed previously were also used for

ILRBSWT modeling in this study—a-erderte (see Figs. 4 (a) to (d)), and they were uniformed
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in the ArcGIS grid format with a cell size of 1 km x 1 km. To demonstrate the advantages of

the new method when—precessing—for missing data processing, we designed aan artificial
situation w
shown-n-Fig—4—tn-that-ease;in Fig. 5, i.e., grids in region A ewnhave values atfor all ef-the

four independent variables;-hewever-grids-in-region-B, while they only ewnhave values atfor

two independent variables; and they-have-no values in the two geochemical variables: in

region B.

-

Fig. 45 Study area (A and B) and-the-seope-withwhere there is missing geochemical
data {in area B}..
5.2 Mapping weights for the-exploration level
Fhese—types—ofExploration level weights can be determined based on prior knowledge
according-to-differences-in-the-exploration-dataabout data quality, e.g., different scales may

exist throughout the whole study area—TFhey—; however, these weights can also be

obtatnedcalculated quantitatively. The density of known deposits is a good index for the

exploration level, wherel.e., the degree-ef-research is highermore comprehensive when more

deposits are discovered. The exploration level weightsweight layer for the mapped-study area
24
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513

was obtained using the kernel density tool provided by the ArcToolbox in ArcGIS 10.2-are, as

shown in Fig. 56.

320([)00 340(|)00 360(])00 3 SO(I)OO

4940]000
4940000

4900000 4920]000
4920000

4900000

4880|000
4880000

4860|000
4860000

Legend

B Au deposits|
g Globel weights | S
- 5 B
3 m——  km w— 3
<t 10 <
N
1 1 1 T
320000 340000 360000 380000

Fig. 56 Exploration level weights.

5.3 Parameter Assignment offor local window parameters—and—geographical-weightsand

weight attenuation function

EmpiricalBoth empirical and quantitative methods can be used to determine the local window
parameters and the-attenuation function for geographical weights. The variation function in

geostatistics, which is an effective method for describing the structures and trends ofin spatial

variables, se-i-was usedapplied in this study. tr-erderteTo calculate the variation function for

athe dependent variable, it is necessary to first map the posterior probability using the global

logistic regression method; before establishing-the-variation-funetion-te-determinedetermining

the local window type and parameters. from the variation function. Variation functions

arewere established in four directions-in-order to detect anisotropic changes in space. If there
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515

516

517

518

519

520

are no significant differences among the various directions, a circular local window can be
used for ILRBSWT, as shown in Fig. 1; otherwise, an elliptic local window should be used, as
shown in Fig. 2. The specific parameters for the local window in the study area were obtained
as shown in Fig. 67, and the final local window and geographical weight attenuation were

determined as indicated in Fig. 78 (a) and 78 (b), respectively.
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Fig. 67 Experimental variogram fitting in different directions, where the green lines denote the
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521  variable ranges determined for azimuths of (a) 0< (b) 45< (c) 90< and (d) 135<

522

523

524 (b)

525 Fig. 78 Nested spherical model for different directions. The green lines in (a) correspond to those

526  in Fig. 65, and (b) shows the geographical weight template determined based on (a).

527 5.4 Data integration

528  Using the algorithm described in section 3.2, ILRBSWT was performed—forapplied to the
529  study area according to the parameter settings in Fig. 3. The estimated probability map
530 obtained for intermediate-and-felsic-ignesusroeks-Au deposits by ILRBSWT is shown in Fig.

531 89 (b), while Fig. 89 (a) presents the results obtained by logistic regression. tt-can-be-seen
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548

frem-As shown in Fig. 8-that, ILRBSWT ecan-better weak-the-effect-efmanages missing data

than logistic regression, sineeas the Au deposits in the north part of the study area (wherewith

missing data-exist)-are-well-felled-into) better fit within the region with relatively-higher
posterior probability in Fig. 89 (b) than in Fig. 89 (a).
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1840000
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Fig. 89 Posterior probability maps obtained for an-Au depesitdeposits by (a) logistic regression
and (b) ILRBSWT.
5.5 Comparison of the mapping results
ta—erder—teTo evaluate the predictive capacity of the newly developed method—and—the
traditional methedmethods, the posterior probability maps obtained bythrough logistic
regression and ILRBSWT shown in Fig. 8(k9 (a) and 8(a);+espectivelyy—9 (b) were divided
into 20 classes byusing the quantile method-and-the-t-values-. Prediction-area (P-A) plots

(Mihalasky & Bonham-Carter, 2001; Yousefi et al., 2012; Yousefi & Carranza, 2015a) were

then

betterto-the-high-made according to the spatial overlay relationships between Au deposits and
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the two classified posterior probability area-shown-inFig—8(b)-than-that-inFig—8(a)—which

student's 7 value

*Logistic Regression
~+Improved Geographically weighted Logistic Regression

1.8 ‘ l l

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

accumulated area (km?)

layermaps in Fig. 10 (a), and the—(b) respectively. In a P-A plot, the horizontal ordinate (Formatted: Font: 12 pt, Not Bold
indicates the discretized classes of a map representing the occurrence of deposits. The vertical
scales on the left and right sides indicate the percentage of correctly predicted deposits from [Formatted: Font: 12 pt, Not Bold
the total known mineral occurrences and the corresponding percentage of the delineated target
area from the total study area (Yousefi & Carranza, 2015a). As shown in Figs. 10 (a) and (b),
with the decline of the posterior probability layers-ebtained-by-logistic regression-and HLRBSWT (Formatted: Font: 12 pt, Not Bold
atdifferent threshold levels— (Pormatted: Font: 12 pt, Not Bold

occurrence from left to right on the horizontal axis, more known deposits are correctly
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566  predicted, and advantages—FoHowing-objectives-were-achieved:

567

568

569  improve—the—aceuracy—of mineral-meantime more areas are delimited as the target area;

570  however, the growth in the prediction-

571 joe—— [ Formatted: Indent: First line: 0 ch

572  parameters— rates for deposits and corresponding occupied area are similar before the

573  intersection point in Fig. 10 (a), while the former shows higher growth rate than the latter in

574  Fig. 10 (b). This difference suggests that ILRBSWT can predict more known Au deposits than

575  logistic regression for delineating targets with the same area, and geegraphical—weight

576

577  tenableindicates that the former has a higher prediction efficiency than the latter.

578 It would be a little inconvenient to consider the ratios of both predicted known deposits

579  and occupied area. Mihalasky and Bonham-Carter (2001) proposed a normalized density, i.e.

580 the ratio of the predicted rate of known deposits to its corresponding occupied area. The

581 intersection point in a P-A plot is the crossing of two curves. The first is fitted from scatter

582 plots of the class number of the posterior probability map and rate of predicted deposit

583  occurrences (the “Prediction rate” curves in Fig. 10). The second is fitted according to the

584  class number of the posterior probability map and corresponding accumulated area rate (the

585  “Area” curves in Fig. 10). At the interaction point, the sum of the prediction rate and

586  corresponding occupied area rate is 1; the normalized density at this point is more commonly

587  used to evaluate the performance of a certain spatial variable in indicating the occurrence of

588  ore deposits (Yousefi & Carranza, 2015a). The intersection point parameters for both models

589 are given in Table 1. As shown in the table, 71% of the known deposits are correctly predicted

590  with 29% of the total study area delineated as target area when the logistic regression is
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applied; if ILRBSWT if applied, 74% of the known deposits can be correctly predicted with

only 26% of the total area delineated as the target area. The normalized densities for the

posterior probability maps obtained from the logistic regression and ILRBSWT are 2.45 and

2.85 respectively; the latter performed significantly better than the former.
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Fig. 10 Prediction-area (P-A) plots for discretized posterior probability maps obtained by

logistic regression and ILRBSWT respectively.

Table 1. Parameters extracted from the intersection points in Figs. 10 (a) and (b).

Model Prediction rate Occupied area Normalized density
Logistic regression 0.71 0.29 2.45

ILRBSWT 0.74 0.26 2.85
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6 Discussion

Because of potential spatial heterogeneity, the model parameter estimates obtained based

on the total equal-weight samples in the classical regression model may be biased, and they

may not be applicable for predicting each local region. Therefore, it is necessary to adopt a

local window model to overcome this issue. The presented case study shows that ILRBSWT

can obtain better prediction results than classical logistic regression because of the former’s

sliding local window model, and their corresponding intersection point values are 2.85 and

2.45, respectively. However, ILRBSWT has even advantages. For example, characterizing 26%

or 29% of the total study area as promising prospecting targets is too high in terms of

economic considerations. If instead 10% of the total area needs is mapped as the target area,

the proportions of correctly predicted known deposits obtained by ILRBSWT and logistic

regression are 44% and 24%, respectively. The prediction efficiency of the former is 1.8 times

larger than the latter.

In this study, we did not separately consider the influences of spatial heterogeneity,

missing data, and degree of exploration weight all remain, so we cannot evaluate the impact

of each factor. Instead, the main goal of this work was to provide the ILRBSWT tool,

demonstrating its practicality and overall effect. Zhang et al. (2017) applied this model to

mapping intermediate and felsic igneous rocks and proved the effectiveness of the ILRBSWT

tool in overcoming the influence of spatial heterogeneity specifically. In addition, Agterberg

and Bonham-Carter (1999) showed that WofE has the advantage of managing missing data,

and we have taken a similar strategy in ILRBSWT. We did not fully demonstrate the necessity
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of using exploration weight in this work, which will be a direction for future research.

However, it will have little influence on the description and application of ILRBSWT tool as

it is not an obligatory factor, and users can individually decide if the exploration weight

should be used.

Similar to WofE and logistic regression, ILRBSWT is a data-driven method, thus it

inevitably suffers the same problems as data-driven methods, e.g., the information loss caused

by data discretization, and exploration bias caused by the training sample location. However,

it should be noted that evidential layers are discretized in each local window instead of the

total study area, which may cause less information loss. This can also be regarded as an

advantage of the ILRBSWT tool. With respect to logistic regression and WofE, some

researchers have proposed solutions to avoid information loss resulting from spatial data

discretization by performing continuous weighting (Pu et al., 2008; Yousefi & Carranza,

2015b, 2015c, 2016), and these concepts can be incorporated into further improvements of the

ILRBSWT tool in the future.

7 Conclusions

Given the problems in existing MPM models, this research provides an ILRBSWT tool.

We have proven its operability and effectiveness through a case study. This research is also

expected to provide a software tool support for geological exploration researchers and

workers in overcoming the non-stationarity of spatial variables, missing data, and differences

in exploration degree, which should improve the efficiency of MPM work.

Code availability
The software tool ILRBSWT v1.0 in this research iswas developed by-using C#, and the main

codes and key functions are prepared in_the file “Codes & Key Functions”. The executable
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program files are placed in the folder “Executable Programs for ILRBSWT”. Please find them

in gmd-2017-278-supplement.zip.

Data availability

The data used in this research is sourced from the demo data offor GeoDAS software
(http://www.yorku.ca/yul/gazette/past/archive/2002/030602/current.htm),  and—this—data
iswhich was also used by Cheng (2008). All spatial layers used in this work isare included in
the folder “Original Data” in the format of an ASCII file, which eanbeis also found in

gmd-2017-278-supplement.zip.
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