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A B S T R A C T

Cadastral assessment aims at guarantying equity in the allocation of property taxes. Therefore, we must be able to massively determine property values through
models that reflect, with the minimum error, the behaviour of land market in each region. Despite this imperative need, currently land valuation for cadastral
purposes is plagued with subjectivity. A very extended bad practice for instance is to assume that variables of productive performance i.e. land use capacity, are the
ones with the highest influence on land value formation in the rural sector. The former assumption largely ignores the plethora of rural land uses that exist nowadays.
To open the door to less subjective methodologies of land mass appraisal we borrowed statistical methodologies from the field of data-mining and applied them to a
dataset of 410 purchase-sale transactions (2003–2009) of land plots located in the rural sector of the Vilcabamba parish (southern Ecuador). Land market behaviour
in Vilcabamba responds to a transition from a pure agricultural territory to a touristic one at which many second-homes are being built for leisure. Our results
demonstrate the applicability of methodologies such as model-tress (M5P) and multivariate adaptive regression splines (MARS) to rural land mass appraisal. Both
M5P and MARS allow defining market segments while simultaneously establishing the weights of predictor variables for land value formation. We also collected
evidence supporting that removing variables of productive performance from land value prediction models do not hamper models predictive power at least in rural
areas where gentrification is taking place.

1. Background

Cadastral assessment is a mass appraisal process of property groups
used for calculating the real property tax (Baumane, 2010). During
cadastral assessment a property value is commonly calculated by value
determination models which aim at reducing errors during value esti-
mation. Cadastral assessment is very important to ensure right real
property taxation and the principles of equality (Baumane, 2010). In
Ecuador, the cadastral value of a given property is the basis for taxation
and for establishing rates (e.g. the corresponding percentage for fire
brigades) and special contributions (e.g. to pay for a specific infra-
structure work on a given area). Cadastral value of a property in
Ecuador is also taking into account expropriation and compensation
processes. According to the Ecuadorian legislation (Ecuador, 2010) the
cadastral value of a property in a given sector should be established by
adding to the land value, the property value itself. Property values are
determined by comparing against unit prices of comparable properties
from the same sector. The resulting cadastral (market) value is then the
most probable price (in terms of money) of a property in a competitive
and open market provided the conditions needed to guarantee a fair
sale. Both the buyer and seller must act prudently and knowledgeably,
and it is commonly assumed that the price is not affected by undue
stimulus (Iaao, 2011).

From the methodological point of view, cadastral assessment con-
sists of three stages (Fig. 1):

1.1. Stage 1: seed points selection

A prerequisite for cadastral value formation is the identification of
comparable properties in the same sector to which the property being
assessed belongs. To this end its important to possess enough land
market information from the whole study site. Once enough market
information is available, one can proceed to define a series of “seed
points” (georrefered) around which market values are expected to be-
have homogeneously.

1.2. Stage 2: homogeneous zones definition

From the “seed points” identified during Stage 1, homogeneous
zones (HZs) are defined: zones in which land market is expected to
behave homogeneously. Market homogeneity in this context means that
within a HZ, the coefficient that modify the values taken by variables
that have an effect on land value formation remain constant. It could be
said then, that HZs definition is no more than finding the geographical
areas where coefficients affecting the variables that best explain value
formation are truly constant. In this sense, HZs are also known as
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market segments or submarkets. When they are properly defined, HZs
can be instrumental for estimating land values and for prioritizing the
most important variables for value formation at each HZ (Lozano-
Gracia and Anselin, 2012).

Currently in Ecuador, HZs are being defined in a complete sub-
jective fashion. In the rural sector for instance, HZs definition is based
on variables related to land use capacity such as slope, soil texture,
effective depth, stoniness and drainage. Other variables commonly used
for HZs definition in rural Ecuador are climatic ones e.g. precipitation,
hydric deficit and temperature (Dinac et al., 1989; Magap, 2008) which
are most of the time employed with redundancy. To date, there is no
analysis that effectively demonstrates a decrease in heterogeneity
during land value estimation thanks to the use of land use capacity or
climatic variables. In the present work, we will use a plethora of
mathematical approaches for HZs definition in an unsupervised fashion
i.e. data-driven detection. The use of unsupervised methods is done to
avoid any source of subjectivity during HZs definition i.e. prioritizing
certain variables over the other (see further).

1.3. Stage 3: land value predicting models generation

It is important to note that at each HZ, land has a “base value”
which is determined by the magnitude of several coefficients, each af-
fecting a variable that resulted important for value formation (the set of
prioritized variables at each HZ during Stage 2). In a perfectly modelled
land market, the land base value should change from one HZ to the
other as the coefficients (and the variables) change reflecting a locally
adapted model. However, in the Ecuadorian context, the determination
of the base value associated with a given HZ is so unreal that the weight
assigned to the value-forming variables is the same among all the zones
identified in a territory (Magap, 2008).

There is no universally accepted method or technique for the
identification of HZs (their surface, limits, etc.) and to model the pro-
cess of land value formation at each of the HZs (Kennedy et al., 1997).
Among the techniques that have been used to this end, are: the geo-
graphic weighted regression (Hayles, 2006; Manganelli et al., 2014),
the cluster analysis (Hayles, 2006; Kennedy et al., 1997), the main
component analysis (Kennedy et al., 1997), and CART decision tree
(Valenti et al., 2015).

By the end of Stage 3, we should obtain a model for the prediction of
the land value. Such model is mainly based on the weights assigned to
the coefficients as to modify the value-forming variables in a way that
best reproduce the value changes that occur among all HZs in a given
territory. An ideal model should on the one hand comprise only the
variables that best explain the variance in the input data. On the other
hand, it should give information on the weight each of these variables
has on land value formation, which could in fact be different across HZ.
One of the most widely used techniques for obtaining land value models

is the multiple regression analysis (MRA) (Buurman, 2003; Elad et al.,
1994; Hayles, 2006), although its application at large scales e.g. a
canton, is not appropriate (Kauko and d’Amato, 2009; Mora-Esperanza,
2004). The former is because MRA is not able to properly capture the
spatial (non-linear) dependence that the land value has on the land
market dynamics that occur in a large territory.

As we have seen so far, the application of methodologies such as
MRA for the generation of land value predicting models are based on
the pre-definition of the HZs from which a final model is constructed.
However, there are alternative techniques that could simultaneously
segment the market and model the relationships of the variables im-
pacting value formation (combining stage 2 and 3 into a single process).
The main advantage of simultaneously defining HZs and variable
weights is that the models (one per each HZ) are generated from the
input data as a whole which maximizes the amount of variation finally
explained by the models. That is, HZs definition becomes a data-driven
process within a single dataset. Resulting models could then be used to
identify the influence exerted by the explanatory variables on land
value in each homogeneous zone (Clifton and Spurlock, 1983).

However, the techniques that would allow the simultaneous ex-
ecution of Stages 2 and 3 have been poorly used in the field of cadastral
assessment in a systematic way. Among such techniques, decision trees
(DT), which are very advantageous for land markets, allow the model to
adapt to local characteristics that condition it. There are several DT
algorithms, including Model Tree (MT) and Multivariate Adaptive
Regression Splines (MARS), which generate subsets of values showing
small variations among them and generates regression functions for
each subset (Wang and Witten, 1996). These techniques can face pro-
blems of classification and regression, are easy to interpret, and are of
great help to analyze linear and nonlinear relationships between the
dependent variable and the independent ones (Fan et al., 2006). The
Model Tree technique was applied by (Acciani et al., 2008) to model the
price of 109 vineyard properties in Southern Italy, obtaining more sa-
tisfactory results than with MRA on the same dataset.

Taking into account how little explored the DT method has been for
cadastral valuation, in the present study we seek to answer the fol-
lowing questions: is the DT method suitable for the rural cadastral
valuation? Can the variable land capacity improve the predictive power
of land value predicting models? Have the variables affecting value
formation the same weight across HZs? To answer such questions, the
present study was carried out in the parish of Vilcabamba (Loja pro-
vince, Ecuador). Due to the accelerated process of land transfer that has
experienced Vilcabamba (Reyes-Bueno et al., 2016), we were able to
have enough samples of rural properties to model land market in this
territory. Four techniques for the generation of land value predicting
models were compared: Linear regression, M5P model tree, M5P model
tree with Bagging, and Multivariate Adaptive Regression Splines -
MARS. The results show that model trees outperform all other methods

Fig. 1. The process of land value predicting
models generation. Stage 1: the territory under
study is sampled at points of known land value
(light grey circles represent high land values,
grey circles represent average land values and
black circles represent low land values). Stage
2: as an example, four homogeneous zones
(HZs) are identified (solid black lines) ac-
cording to the behaviour of spatial variables
that most influence land value formation.
Stage 3: Land formation models are generated
and the relative weight of each variable in the
resulting equation determined (represented as
the height of horizontal bars) within each HZ.
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and allow generating market segments that in turn decrease the pre-
diction error of the land value.

2. Materials and methods

2.1. Land market transactions dataset

Vilcabamba parish is located in the Loja province, southern Ecuador
and has surface of approximately 156 km2. Rural Vilcabamba has un-
dergone a strong process of land fragmentation and a concomitant very
active land market. During the period 2003–2009, the 78% of all rural
land transactions involved properties of less than one hectare (Reyes-
Bueno et al., 2016). Land market behaviour in Vilcabamba responds to
a transition from a pure agricultural territory to a touristic one at which
many second-homes are being built for leisure. We considered 2003 as
the starting point of our data universe mostly because in this year land
purchase-sale prices stabilized after of the macro-inflation that hit the
Ecuadorian economy during early 2000s (Jiménez, 2005). The dataset
comprises 410 purchase-sale transactions (2003–2009) of land plots
that are located in the rural sector of the Vilcabamba parish.

2.2. Pre-selection of rural land value explanatory variables

To model the process of rural land value formation, an initial set of
29 variables with potential predictor value were selected on the basis of
a bibliographic search (Buurman, 2003; Elad et al., 1994; Hayles, 2006;
Kostov et al., 2008; Perry and Robison, 2001; Tsoodle et al., 2006;
Vandeveer et al., 2001). Once defined, a survey was applied to settlers
of rural Vilcabamba to validate the applicability of the selected 29
variables as well as to identify new potential predictor variables. Out of
the survey, three new predictor variables were identified and that re-
sulted were very helpful to eliminated outliers:

• It was evident from the results of the survey that, when the buyer
has a different nationality to the Ecuadorian one, the final nego-
tiation price is higher that if an Ecuadorian buyer would buy the
same land plot. As consequence, we deleted all records that involved
foreign buyers.

• It was also evident that, when there was a friendship or con-
sanguinity link with the buyer, the final negotiation price was lower
in a comparison to the normal price.

• Finally, the formalization of the property was identified as a vari-
able that affects the value of the land. Land without deeds or
property rights were sold at less than half their normal price.

After the debugging process, a total of 132 transactions (out of the
410 original ones), were kept in the final dataset.

Prior to variable selection, an adjustment to the final transaction
value of the 132 records in our dataset was made using the Consumer
Price Index (CPI) (available at http://www.ecuadorencifras.gob.ec/
indice-de-precios-al-consumidor/). The CPI index allowed us to calcu-
late the nominal value of transactions by considering the inflation in
Ecuador as of July 2009. The list of selected variables is shown in
Table 1. In the case of the variables measuring a sort of distance e.g.
from the plot in question to populated centers or roads, a unit was
added to the actual variable value to calculate their logarithm since
there were values of zero in some cases. Formula 1 was applied to
normalize continuous variables between 0 and 1.

ai = [vi - min(vi…n)]/[max(vi…n) - min(vi…n)] (1)

where ai is the i-th normalized value; vi is i-th original value prior
normalization; max(vi…n) and min(vi…n) represent the minimum and
maximum value respectively that the variable in question takes in the
entire dataset.

Finally, a Spearman correlation analysis was performed to detect

highly correlated variables from the entire dataset. As result, a total of
11 with a correlation higher than 0.6 were discarded resulting in a
definitive set of 18 variables (Table 1).

A second dataset (LUC- dataset) was generated from the original one
(LUC+dataset) by just removing the variable land use capacity (LUC,
Table 1) from it. This was done to answer the question of whether LUC
can improve the predictive power of land value predicting models.

2.3. Mass appraisal models

A total of four statistical techniques were evaluated for their ap-
plicability to mass appraisal each of which are described below:

Linear regression is a statistical method for studying the linear re-
lationship between a dependent variable and a single or multiple in-
dependent variables. It is the most common and orthodox technique
used for mass appraisal. In the present work the following multiple
regression equation was used:

= + + + + +Y a b x b x b x ε... n n0 1 1 2 2 (2)

where a0 is the regression constant; …b bn1 are the regression coefficients
and ε is the error term

M5P is a model trees algorithm developed by Quinlan to predict
continuous variables for regression (Quinlan, 1992). There are three
major steps when applying the M5P methodology: (1) tree construction;
(2) tree pruning; and (3) tree smoothing. The formula that the M5P
algorithm uses for tree generation:

= − ⎛
⎝

⎞
⎠

SDR sd T SUM T
T

sd T( ) ( | |
| |

* ( ))i
i (3)

where SDR is the reduction of the expected error; sd is a vector in which
each element corresponds to the standard deviation of all values in the
dataset for a given variable; T represents the entire dataset; Ti are the
resulting subsets of both values and variables.

To generate a more robust model i.e. with reduced variance and to
avoid the presence of noise in the data during model generation (Witten
and Frank, 2005), the M5P technology was applied together with the
Bagging or Bootstrap aggregating technique. This technique is a ma-
chine learning ensemble meta algorithm to improve the accuracy and
stability of the resultant model. With the Bagging technique, training

Table 1
Final set of potential predictor variables of land value.

Variable Type Description

RS Discreet Road surface (asphalt, concrete, composite
pavement, gravel)

I_d_ce Continuous Distance index to Vilcabamba parish economic
center (distance by road / Euclidian distance)

LUC Discreet Land use capacity (crop, permanent crop, pasture,
forest farming, non-farming forest)

Crops Continuous Proportion of annual or semi-perennial crop
CP Continuous Percentage of permanent crop
Grass Continuous Grass proportion
Forest Continuous Forest ratio
Mato Continuous Scrub proportion
Habitat Continuous Land to building ratio
Slope Discreet Slope of the terrain (weak, soft, moderate, strong,

very strong, abrupt)
Irrigation Continuous Proportion of land with irrigation
Water Binary Access to clean water
Electricity Binary Access to electricity
Ln_surface Continuous Natural logarithm of the surface (m2)
Ln_d_roads+1 Continuous Natural logarithm of distance (m) to roads
Ln_t_ce Continuous Natural logarithm of the time (in minutes) needed

to access the nearest economic center
Ln_c_pob+1 Continuous Natural logarithm of the road distance (in meters)

separating the plot in question from the nearest
town

Ln_V_Actual Continuous Natural logarithm of the market value ($/m2) of
the plot in question
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subsets are generated by randomly selecting and replacing (there may
be repeated examples) a sample of m training examples from the ori-
ginal training of n examples (Hernández et al., 2007). When MP5 run
with the Bagging algorithm, m models (one per each subset of training
examples) are built which are later combined to generate an averaged
model.

MARS, or multivariate adaptive regression splines is a decision tree
algorithm introduced by Friedman, 1991 that models the relationship
between a set of input (predictive) variables and dependent variables.
Training data is modelled by separate piecewise linear segments
(splines) of differing slopes known as basic functions. MARS generates
basis functions by searching in a stepwise manner where an adaptive
regression algorithm is used for selecting the knot (endpoints of the
segment) locations. MARS models are constructed in a two-phase pro-
cedure. The forward phase adds functions and finds potential knots to
improve the performance, resulting in an overfitted model. The back-
ward phase involves pruning the least effective terms (Zhang et al.,
2015). The main difference between M5P and MARS is that MARS is
continuous at the borders of the partitioned regions, while M5P is
discrete.

2.4. Land transaction data analysis

Data analysis applying i) linear regression; ii) M5P and iii) MP5
together with bagging was performed in Weka (Hall et al., 2009), while
iv) MARS was executed in R using the 'earth' package. A detailed ex-
planation of the experimental design can be found in Figure S1. Due to
the limited number of samples, the cross-validation technique with 10
iterations was used in all cases to evaluate the predictive quality of the
model. With this technique the original dataset was randomly divided
into 10 subsets, nine of which were used for model training and the
remaining one for validation purposes. Fig. 2 shows mock-examples of
the application of the four statistical techniques when plot surface
(ln_area) and plot accessibility (ln_t_ce) are use a predictive variables of
the land value (ln_actual_value).

The multiple regression analysis was performed with the stepwise
technique that incorporates only the most relevant variables into the
final model (p-value< 0.05 associated to the F statistics). For MP5
model generation we specified that each branch should have at least 20
cases. To prevent local overfitting during the generation of the tree
model, a tree pruning step was included (a detailed description of the
algorithm behind the pruning step can be found in (Frank et al., 1998;
Witten and Frank, 2005). In the bagging method, the number of
iterations was selected by comparing the responses of the evaluators. To
do this, an cross-validation experiment was first performed with 10
subsets, executed five times for each iteration (50 runs in total). Figure
S2 shows that the results of the evaluators vary a lot at the beginning,
although between iterations 19 to 25 it gets different results with lower
prediction error. Note that the prediction error begins to stabilize from
iteration 17, which was finally used to generate the models. The MARS
method was applied with a backward pruning technique. The maximum
number of terms in the pruned model (nprune) was set at 20.

2.5. Performance evaluation

Assessing the accuracy of land value estimation achieved by the four
statistical techniques applied in the present study was at the center of
our attention. In this direction, ‘goodness-of-fit’ tests (Witten and Frank,
2005) were performed: correlation coefficient, mean absolute error,
relative error of the absolute values. We also calculated the magnitude
of the relative error obtained by each methodology to apply the Wil-
coxon test which allowed us to identify significant differences between
models and databases (LUC+and LUC- datasets). We finally applied
the Moran test to calculate if there was spatial autocorrelation among
the predictor variables that end up in each model. All formulas used in
each case can be found in the supplementary material (Section 1.1).

3. Results

3.1. Models performance

A detailed description of the results obtained by each of the four
techniques when applied to both datasets (LUC+ and LUC-) can be
found in Supplementary Material (Section 2.1). According to the three
performance metrics calculated to compared across models, those
generated with MARS showed a better performance compared to the
rest (Table 2).

That MARS outperformed Linear Regression and M5P (both with
and without bagging) is corroborated when calculating estimation er-
rors (Table S4). MARS and M5P predicted land values with an esti-
mation error of less than the 30% for a large fraction of test data points
(67% of the test data points in MARS 44% and 44% in M5P). In con-
trast, the corresponding number for Linear Regression was only 29% of
the test data points. In addition, 51% of the estimations made by Linear
Regression have an estimation error higher than 50% (this was only the
27% for the estimations made by MARS and 39% of those obtained by
M5P). Once the Wilcoxon rank test was applied to the generated re-
sidues (Table 3), it makes evident that the predictive capacity of the
linear regression model is significantly lower than in the other models
analyzed. Also, the models generated by MARS show fewer errors in the
estimates, being a significant difference with respect to all the other
models.

Table S4 shows that when comparing the two databases (LUC+vs
LUC-), there is a slight increase in the percentage of test data points
with an estimation error higher than 50% (except in M5P) in the LUC-
dataset. There is also a decrease in the percentage of test data points
with an estimation error lower than 30% for the models obtained by
Linear Regression and M5P with Bagging. However, according to the
Wilcoxon rank test applied to the residuals generated by each model on
both datasets, these differences are not statistically significant
(Table 4).

To look for signs of spatial autocorrelation on the estimated land
values, the model generated by MARS on the LUC- dataset was taken as
a basis. Results obtained by calculating the Moran index, allow us to say
that the pattern that estimated land value show is not significantly
different than randomness (Fig. 3). These results are supported by the
calculated Z-value of 0.17 (which is within the range of -1.96 to 1.96)
and the associated p-value of 0.88 for the acceptance of the null hy-
pothesis.

4. Discussion

Our results show that locally adaptive nonparametric techniques
(M5P, M5P with Bagging and MARS) generate significantly better
models than those obtained by global methods such as Linear
Regression when modeling the value of rural land. It has been shown
that techniques able to generate models that adjust to local variations
(e.g. Mobile Window Regression or Geographically Weighted
Regression) have a better performance compared to global techniques
susceptible to local variations when modeling the value of the land
(Buyong et al., 2008; Miller and Jiawei, 2009). Among the techniques
used in our analysis, MARS generated the model with the least relative
error in the predictions. MARS proposes the generation of an equation
in which the weight of the variables of importance for the formation of
the value varies according to ranges or sections of the domain of those
variables. In this way, a continuous space is generated at the borders of
the partitioned dataset (Fig. 2), trying to adapt to the existing inter-
action between the value-forming variables (Thomaes et al., 2008).

In the case of Vilcabamba, the model generated by MARS comprised
some accessibility variables (index of distance to the economic center,
time of access to the economic center and distance to population cen-
ters), as well as variables of land use (pasture), area, slope and access to
irrigation. The MARS model depicted at least two ranges of the domain
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Fig. 2. Graphical representation of land value predicting models (wireframe meshes) obtained by four statistical techniques (panels A–C). Plot surface (ln_area) and
plot accessibility (ln_t_ce) were used in each case as predictive variables of the land value (ln_actual_value). Black circles represent actual data points from the land
transactions dataset. MP5 (panel B) and MP5 with bagging (panel C) produce more than one wireframe mesh (predictive models) each modeling a different portion of
the data. Linear regression (panel A) and MARS (panel D) produce a single wireframe mesh (model) that describes the entire dataset as a whole.

Table 2
Performance of models generated by four statistical techniques on two datasets (LUC+and LUC-). LR: multiple linear regression. MP5: M5P model tree algorithm.
MP5-Bagging: M5P model tree algorithm together with the bagging technique. MARS: multivariate adaptive regression splines. CC: correlation coefficient. MAE:
mean absolute error. RAE: relative absolute error. Details on how each metric was calculated can be found in supplementary material.

Performance metric Statistical technique (on LUC+) Statistical technique (on LUC-)

LR M5P M5P-Bagging MARS LR M5P M5P-Bagging MARS

CC 0.88 0.92 0.93 0.96 0.88 0.92 0.93 0.96
MAE 0.62 0.49 0.48 0.38 0.62 0.48 0.49 0.38
RAE 48.93 38.56 37.95 30.11 48.93 38.18 38.46 30.10

Table 3
Results of the Wilcoxon signed rank test applied to the residues associated to
the land value predictions generated by each model on the LUC+dataset.
Numbers within each cell represent the p-value associated with the null hy-
pothesis being true: no difference between the residuals generated by a given
pair of models. LR: linear regression; M5P: M5P model tree; M5P-B: M5P model
tree with bagging; MARS: multivariate adaptive regression splines.

LR M5P M5P-B MARS

LR 0.00 0.00 0.00
M5P 0.57 0.06
M5P-B 0.00
MARS

Table 4
Results of the Wilcoxon signed rank test applied to the residues generated by
each model during land value estimation on the LUC+and LUC- datasets.
Numbers within each square represent the p-value associated with the null
hypothesis being true: no difference between the residuals generated by the
same model on both datasets. LR: linear regression; M5P: M5P model tree; M5P-
B: M5P model tree with bagging; MARS: multivariate adaptive regression
splines.

LUC+

LR M5P M5P-B MARS

LUC- LR 0.62
M5P 0.89
M5P-B 0.08
MARS 0.95
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of those variables each with different variable coefficients. The in-
tegration of the different ranges of the used variables could then be
used to generate market segments or HZs in rural Vilcabamba. The
main advantage of MARS lies in its capacity to produce simple, easier-
to-interpret models that result from modeling an intricate multi-
dimensional web of variable relationships (Zhang et al., 2015). MARS
main difference with respect to M5P is that the latter generates tangible
submarkets, that is, it clearly delimits discrete areas at which a best
fitting linear equation can be drawn (Fig. 2). The multi discrete models
generated by M5P have therefore an overall lower predictive capacity
than the single continuous model generated by MARS. Its elevated
performance together with its modest computational demands position
MARS as a very attractive alternative for mass appraisal tasks.

Land use capacity, which classifies the soils according to their
productive capacity, was not of significant importance when evaluating
the predictive strength of rural land valuation models. The Vilcabamba
case shows that “land use capacity as a decisive variable for land value
formation” is not a rule of thumb. Although agrological variables have
traditionally been used to determine the value of rural land, due to its
direct relationship with the income that the land could generate, the
contribution of land to the production process has decreased. More
importantly is to note that land uses in the rural sector has diversified
towards several purposes (Caballer, 2002; Moya and García-Rodrigo,
2001). In Vilcabamba, a large number of land plots are being sold for
recreation purposes in a scenario that some authors say have reached
rural gentrification (Reyes-Bueno et al., 2016). Rural gentrification
with no doubt modifies the weight of variables important to HZs de-
tection and land value formation compared to the classical perspective
of rural areas.

In several countries, a characteristic of mass appraisal for cadastral
purposes is the application of adjustment factors (variable weights) to
adjust the land value of a given lot. The former is done by increasing or
decreasing the land value depending on the characteristics such as

slope, land use capacity, etc. Although, the adjustment factors vary
according to the characteristics of the land of a given plot, the same
adjustments (weights) are applied across all HZs defined in a certain
territory (Boo and González, 2009). This is exactly the case of Ecuador.
The results of the present work show that weights assigned to predictor
variables for land value formation varies across HZs. This highlights the
importance to reduce subjectivity during HZs definition since this will
have a significant impact on the estimation of the weights assigned to
predictor variables within each HZs and finally on obtaining a model
that effectively reflects the value formation dynamics in the area under
scrutiny.

Cadastral appraisal is the basis for the determination of various
taxes (land tax, sale tax, contribution for improvements, capital gain,
etc.) but also for the definition of the value of land plots affected by
expropriation. For these reasons, cadastral appraisal must follow the
principles of equality and proportionality (COOTAD 2010). Therefore,
is fundamental to have valuation models that are sufficiently strong for
the determination of cadastral values as equidistant and as close as
possible to those practiced in the market (Peña-Medina, 2016). In order
to fulfill these principles, one must start from the definition of HZs
(market segments) that reflect a similar market behavior, and therefore
eliminating subjectivity in its definition. Decision trees as M5P and
MARS prove to be applicable techniques to cadastral appraisal since
they allow defining HZs while simultaneously establishing the weights
of predictor variables for land value formation.
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Fig. 3. Classes of land values spatialized over rural Vilcabamba. Estimates were obtained by applying MARS to the LUC- dataset. Geographic coordinates are also
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