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The city of Huancayo, like other intermediate cities in Latin America, faces problems of poorly planned land-use changes and 
a rapid dynamic of the urban land market. The scarce and outdated information on the urban territory impedes the adequate 
classification of urban areas, limiting the form of its intervention. The purpose of this research was the adoption of unassisted and 
mixed methods for the spatial classification of urban areas, considering the speculative land value, the proportion of urbanized 
land, and other geospatial variables. Among the data collection media, Multi-Spectral Imagery (MSI) from the Sentinel-2 satellite, 
the primary road system, and a sample of direct observation points, were used. The processed data were incorporated into 
georeferenced maps, to which urban limits and official slopes were added. During data processing, the K-Means algorithm was 
used, together with other machine learning and assisted judgment methods. As a result, an objective classification of urban areas 
was obtained, which differs from the existing planning.

Keywords: urban planning, real estate market, urban periphery, artificial intelligence.

La ciudad de Huancayo, como otras ciudades intermedias en Latinoamérica, enfrenta problemas de cambios de uso de suelo 

poco planificados y una acelerada dinámica del mercado del suelo urbano. La escases y desactualización de información 

sobre el territorio urbano impiden la adecuada clasificación de áreas urbanas, limitando la forma de su intervención. Esta 

investigación tuvo como objetivo la incorporación de métodos no asistidos y mixtos para la clasificación espacial de zonas urbanas 

considerando el valor especulativo del suelo, la proporción del suelo urbanizado y otras variables geoespaciales. Entre los medios 

de recolección de datos, se usó imágenes Multi-Espectrales (MSI) del satélite Sentinel-2, el sistema vial primario y una muestra de 

puntos de observación directa. Los datos procesados fueron incorporados en mapas georreferenciados, a los cuales se añadió 

además los límites urbanos y pendientes oficiales. Durante el procesamiento de los datos se empleó el algoritmo K-Means, junto a 

otros métodos de machine learning y juicio asistido. Como resultado, se obtuvo una caracterización objetiva de zonas urbanas que 

difiere de la planificación existente.

Palabras clave: planificación urbana, mercado inmobiliario, periferia urbana, inteligencia artificial
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I. INTRODUCTION

Intermediate cities face land sale and value speculation 
processes that define the urban shape more quickly 
than intervention by local governments. Urban land 
value prioritizes the demand of private agents (Gasic, 
2018), even though the State sets the limits of this 
action (Sabatini & Arenas, 200). Thus, socio-spatial 
segregation is related to the willingness of the market 
and inadequate policies, molding the excess demand 
or supply of the property market, and generating a 
disperse standard of urban life (Saleh, Hwa & Majid, 
2016; López Navarrete & Peña Medina, 2017; Li, Sun 
& Boersma, 2019). Facing this, land regulation and its 
application can promote or stop the development of 
emerging urban areas (Yu, Zhou & Yang, 2019). These 
conditions are common in Latin American cities with 
limited public action (Sabatin & Arenas, 2000). Among 
the causes, clientelist practices are seen, the result of 
failures in free-market practices, private interests, illegal 
conditions, ambiguous regulations, and a generalized 
popular acceptance (Pimentel Sánchez, 2020; Espinoza 
& Fort, 2017).

Land value, the most important indicator of property 
market dynamics, is not easy to estimate or predict, 
although it is common that consolidated areas are 
overvalued, making the periphery more attractive due 
to its low price (Glaeser & Ward, 2009; García & Peralta, 
2016; Gasparenienea, Venclauskienea & Remeikiene, 
2014). In the long term, land market behaviors can 
come close to time series (Gaete, 2021). However, an 
approach with heterogeneous data, or scenarios of high 
uncertainty, can use artificial intelligence to classify 
them (Durduran, 2015; Belhadia et al., 2020; Forestier & 
Wemmer, 2016). The K-Means algorithm has been useful 
and highly adaptable to classify images, study urban 
growth, and for spatial analysis (Liu et al., 2021; Belhadia 
et al., 2020).

Peru is in its bicentenary and is facing major economic 
and social challenges. The National Housing and 
Urbanism Policy considers the low impact of urban-
territorial planning and the limited use of regulatory 
compliance a major problem (Ministry of Housing, 
Construction, and Sanitation [MVCS in Spanish], 2021). 
Property market processes, formal, illegal, or under 
mixed setups, are also common in Peruvian cities 
(Espinoza & Fort, 2017; Pimentel Sánchez, 2020). Even 
though the portfolio of support funds for housing, 
like the Mivivienda Fund (FMV, in Spanish), multiply, 
their implementation is limited by adverse urban 
conditions and land value (Calderón, 2015). During the 
property boom of 2018 to 2019, at least 70% of district 

municipalities did not have urban development plans 
(FMV, 2018a; FMV, 2018b). In Huancayo, the main city in 
the heart of Peru, the Provincial Municipality of Huancayo 
(2016) proposes development based on sustainable and 
inclusive principles, but that requires knowledge of the 
local urban reality and its objective characterization.

The purpose of this article is to spatially classify the urban 
areas in the city of Huancayo using heterogeneous data. 
The research proposes the differentiated classification 
of urban areas, incorporating unassisted and mixed 
methods, and considering the speculative value of the 
land on the property market, the proportion of developed 
land, the distance from main roads, and the slope of the 
land. The work was carried out in four connected stages: 
(1) construction of base maps; (2) processing of satellite 
images to analyze current land occupation; (3) application 
of machine learning methods for classification; and (4) 
polygonal classification of the urban areas of the city of 
Huancayo.

II. THEORETICAL FRAMEWORK

Urban planning and the property market

Due to population growth, better city planning 
represents an ongoing issue worldwide (Mouratidis, 
2021). This issue has captured national attention to 
promote its development from a sustainable approach 
(Aceid & Fundación ACS; 2018; United Nations, 2018; 
Castillo-García, 2021), although during the pandemic, its 
reduced presence stood out (Moreno, Allam, Chabaud, 
Gall & Pratlong, 2021). Thus, in this context, a revision of 
the idea of proximity in the urban economy, linked to 
the generation of land value, is needed (Tricaricoa & De 
Vidovich, 2021).

Urban planning requires a balance between land use and 
urban expansion, which is not always aligned with the 
real ways of life and the behavior of the property market 
(López Navarrete & Peña Medina, 2017). There is a gap 
between the sustainable generation of urban space and 
the real practices in peri-urban areas adjoining rural areas 
and natural spaces, that are quickly being devastated 
by formal and informal urbanization processes (Carvajal, 
Moreira, Salazar, Leguia & Jorquera, 2019).

Socio-spatial segregation is related to the willingness of 
the property market and inadequate policies, and directly 
affects urban planning (López Navarrete & Peña Medina, 
2017; Glaeser & Ward, 2009; Migueltorena & Lan, 2013). 
Excess supply or demand of the property market and 
dispersion generate variations in living standards (Saleh 
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et al., 2016). Fluctuations in land value, urban growth, and 
initial density condition these variations (Glaeser & Ward, 
2009; Li et al., 2019).

In the growth stage of the sector, many of the rules 
that guide market actions are not easy to adapt to 
the management instruments, widening the gaps in 
urban planning (Glaeser & Ward, 2009). Among these, 
regulations of access to formal urban services have been 
made worse (Baer & Kauw, 2016). These disparities can be 
insurmountable, with repercussions on the generation 
of new policies and tax collection (Hindi, Moreira & Rossi, 
2020; Foldvary & Minola, 2017). In addition, land value has 
greater variability than the buildings (Kok, Monkkonen & 
Quigley, 2014). As a result, this value cannot be suitably 
allocated for its use in regulations, mortgages, and loans, 
as its real fluctuation is characterized by speculation 
(Hwang, Park & Lee, 2013; Gasparenienea et al., 2014; 
Foldvary & Minola, 2017).

The need for development land and land value

Having a dwelling is one of the most important aspects 
of peoples’ lives (Saleh et al., 2016). Those financed with 
social funds promote real estate investment and have 
great interest in the availability of undeveloped sites 
(Scotiabank, 2015; FMV, 2018c). However, the value of 
vacant urban land is subject to speculation with lower 
prices in peri-urban areas (Gedal & Ellen, 2018; Parias, 
2008), which promotes exclusion on increasing physical 
distance and price (Gaete, 2021; Klaufus, Van Lindert, 
Van Noorloos & Steel, 2017). In this way, an incremental 
cycle of speculated value is entered which impedes 
reaching more homogeneous conditions (Amézquita, 
Rodríguez & Murillo, 2015; Gaete, 2021; Gasic, 2018; 
Araque Solano & Caballero Quintero, 2009; Glaeser & 
Gyourko, 2003).

The level of consolidation and proximity to roads are 
undeniable attractions of urban land (Peña-Zamalloa, 
2018; Gedal & Ellen, 2018): Agricultural spaces with road 
access are, as a result, targets for change of land use 
(Salazar, 2014; Cardó, 2017; Migueltorena & Lan, 2013). 
On being informal lots, self-builds are prioritized, with 
the goal of reducing housing costs while disregarding 
long-term effects (GRADE, 2020; Salazar, 2014). The 
ongoing search for greater profit from land sales 
undermines the positive popular intention of urban 
planning (Delgadillo, 2016; Araque Solano & Caballero 
Quintero, 2009). Rapid price changes generate, in the 
territory, a disorganized and low-density occupation, 
even when social housing is promoted (Calderón, 2015). 
This affects the rural and natural environment and 
complicates access to urban services for spread-out 
areas, as well as regulatory compliance (Carvajal et al., 

2019; Li et al., 2019). This reality flies in the face of the 
compact city (Vorontsova, Vorontsova & Salimgareev, 
2016).

Low-density urban sprawl involves high costs in urban 
infrastructure (Nabil & Eldayem, 2015). Facing this 
outlook, an optimal urban model prioritizes accessibility 
and leads to short distances to multiple urban centers, 
and a reduction in mobility times (Yu et al., 2019; Gedal 
& Ellen, 2018; Graells-Garrido, Serra, Rowe, Cucchietti & 
Reyes et al., 2021). The idea of chronological urbanism 
is, in fact, an attempt to improve the quality of life of 
inhabitants on diverse geographical scales (Moreno et 
al., 2021; Graells-Garrido et al., 2021).

The characterization of urban land and the 
K-Means method

Little understood urban sprawl processes, without 
an articulated systemic analysis, occur randomly and 
go against the capacity of generating compact cities 
(Vorontsova et al., 2016, Alfasi & Migdalovich, 2020). In 
addition, the metrics tend to be single-dimensional 
(Tellier, 2020), when urban complexity requires using 
multidimensional analysis metrics for its classification 
(Steurer & Bayr, 2020; Tellier, 2020). Machine learning offers 
an alternative for clustering using heterogeneous data 
(Joshi, 2020). This classification can be assisted, unassisted, 
or mixed (Liu et al., 2018; Steurer & Bayr, 2020). 

Specifically, K-Means is one of the most used 
unsupervised classification algorithms in images, 
random data, and unlabeled data (Liu et al., 2018; Zhou 
et al., 2017). This algorithm allows generating clusters, 
grouping data under similar traits (Campesato, 2020), and 
differentiating elements like vegetation, vacant urban 
spaces, and even rural uses (Feng, Peng & Wu, 2020). 
Although the hierarchical cluster analysis, mobile mean, 
and maximization of expectations could be considered 
as being suitable alternatives, the use of a Euclidean 
distance allows that the classification made with K-Means 
can be overlapped to two-dimensional coordinates, and is 
suitable for geographic settings (Campesato, 2020; Joshi, 
2020; Liu et al., 2018). 

III. CASE STUDY

The city of Huancayo is in the central part of the country. 
Its geography is molded by the Mantaro River, and it 
constitutes one of the widest valleys in the Peruvian 
Andes, with a high capacity of development land that 
competes with rural land. The geographic scope of the 
study presented here, considered the Huamancaca 
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Figure 1. Location of the study area. Source: Preparation by the Author.

Figure 2. Data processing and collection methodology. Source: Preparation by the Author.
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Table 1. Variables considered for the K-Means classification. Source: Preparation by the Author.

and 3 de Diciembre districts, of the adjoining Chupaca 
province, along with the districts of Pilcomayo, Chilca, 
Sapallanga, Huancán, El Tambo, and Huancayo in the 
Province of Huancayo, given their geographic location 
on the right bank of the river, and the direct connection 
they have with the city. The location is shown in Figure 1.

IV. METHODOLOGY

Data collection was made from different sources: direct 
observation, satellite images, and maps. These methods 
were digitalized and processed using geographic 
information systems, QGIS 3.12, SNAP Toolbox v8.9, scikit-
learn 0.24 library, and others in python. The processing 
sequence can be seen in Figure 2, from the construction 
of the base map to the final generation of the urban 
sector polygons.

Following this, the image produced by the Multispectral 
Instrument (MSI), of the Sentinel-2 satellite, Level 2A 
product was used, which provides a reflectance image 
of the atmospheric background derived from the 
association of Level 1C, in an area comprising 100 x 
100 km2, under a URM/WGS84 cartographic projection. 
Resizing was needed for a suitable overlapping and 
re-projection. Thus, the images were processed with 
the SNAP v8.0 software, resizing the image for bands 12, 
11, and 4, through which an rgb false-color image was 
generated. Once the bands were isolated, a classification 
was generated using the unsupervised K-Means 
classification algorithm. The number of categories was 
set after examining the results of between 3 and 15 
categories, with 13 categories best expressing the land-
use diversity.

The mapping of the consolidated urban blocks was 
a semi-manual task of identifying vacant polygons 
within the proposed urban boundary, developed on 
the projected blocks of the Metropolitan Development 
Plan and real color satellite images. The mapping of 
the peripheries considered a minimum lot size of 
approximately 100m2, similar to the 107m2 proposed 
by the FMV (2018c). 9123 blocks were identified with a 
total of 34.22 km2, which represents 33.12% of all the 
urban territory considered, which was 103.32 km2. This 
block definition allowed a characterized comparison of 
the areas of the satellite image. The main roads were 
identified based on existing plans in the repository of the 
Ministry of Transport and indicated in the Metropolitan 
Development Plan. Likewise, the slopes processed from 
the curves defined in the national charter were used, 
which were expressed in percentages. After this, the 
information was collected from 228 valid lots of a total 
of 273 calculated for a simple sample, NC=90%, E=5%, 
p=50%. The observation points were spread randomly on 
the plain in an amount proportional to the population 
density shown in the current plan. The characteristics 
of the observation points that were considered, are 
detailed in Table 1 and have been used as characteristics 
to determine the classification of urban areas through a 
K-Means algorithm, implemented with the scikit-learn 
library.

V. RESULTS

The Level 2A product image is shown in Figure 3, captured 
and processed in false color rgb, using bands 11, 12, and 
4, respectively. With this, it is possible to differentiate, 
in a color between yellow and violet, the possible built 

Dimension Variable Values

Geography Slope of the land Slope percentage.

X Coordinate UTM East

Y Coordinate UTM North

Urban road Distance to the road Distance in meters (m) to the closest road of the highway system

Urban occupation Proportion of area 
occupied

Area occupied by buildings in a radius of 400 m / 
Area of blocks projected in a radius of 400m

Urban boundary Distance to the urban 
boundary

Distance in meters (m) to the closest point of the projected urban boundary.

Land price Land price offered by m2 Land price per meter squared (m2)
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Figure 3. Identification and classification of satellite images using K-Means. Source: Preparation by the Author.
Figure 4. Sampling points, roads, and land value map. Source: Preparation by the Author.

areas and other lands. To generate a scale that can be 
manually discriminated, the false color was clustered in 
13 categories using the K-Means algorithm. Then, each 
cluster was labeled as built or not built, reducing the 
results to 2 categories, which are distinguished in yellow 
and black. As other types of land tend to be confused, 
just the boundary of urban expansion was considered, 

improving the accuracy of the result. The occupied 
urban land percentage of the buffers defined later was 
calculated using the third image.

The distribution of the sampled points observed is seen 
in Figure 4, distributed randomly in the occupied area: 
the main road network indicated in existing plans, both 
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Figure 5. Classification using the unsupervised K-Means algorithm to generate centroids. Source: Preparation by the Author.
Figure 6. Comparative view between clusters for each variable of the model. Source: Preparation by the Author.

overlapped on the map of consolidated urban blocks 
and those being developed. With the offered land 
price data per m2, a DEM image was projected, using 
a 9-category Jenks optimization division classification. 
These tasks were carried out using the QGIS 3.12 
software tool.

Using a 400 m diameter buffer, which was used as the center 
for the observation points, the distance to the closest main 
road, the cost per m2 offered, the slope, the percentage of 
urban area occupied, and its geographic location reference 
were averaged. The K-Means algorithm was fed using 
these data, implemented with the scikit-learn library. Fixed 
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Variable Cluster Statistic Cluster

C2 C3 C4 C5 C6 C7 C8

Percentage 
of occupied 
area

C1 D. mean
D. media

-0.3166 -0.2898 0.3008

P 0.0202 0.0358 0.0355

C2 D. mean -0.3648 -0.338 0.1873 0.2526

P < .0001 < .0001 0.0024 0.0002

C3 D. mean -0.3432 -0.3164 0.2088 0.2742

P < .0001 < .0001 0.0007 < .0001

C4 D. mean 0.552 0.6174 0.4076

P < .0001 < .0001 < .0001

C5 D. mean 0.5253 0.5906 0.3808

P < .0001 < .0001 < .0001

C6 D. mean -0.1444

P 0.0457

C7 D. mean -0.2098

P 0.0033

Slope C1 D. mean 6.6591 7.9643 6.4113 6.4246 5.1786 6.6136 4.5833

P 0.0003 < .0001 0.0004 0.0005 0.0042 0.0002 0.0084

C2 D. mean 1.3052 -2.0758

P < .0001 0.0033

C3 D. mean -1.553 -1.5397 -2.7857 -3.381

P < .0001 < .0001 0.0134 < .0001

C4 D. mean -1.828

P 0.0163

C5 D. mean -1.8413

P 0.0105

Distance to 
main road

C2 D. mean -357.389 -469.3501

P < .0001 < .0001

C3 D. mean -367.0552 -479.0163

P < .0001 < .0001

C4 D. mean -414.7302 -526.6912

P < .0001 < .0001

C5 D. mean -363.2758 -475.2369

P < .0001 < .0001

C6 D. mean 427.3883

P < .0001

C7 D. mean 539.3494

P < .0001
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Table 2. Games-Howell Test. Source: Preparation by the Author.

Cost m2 C1 D. mean -2159.2823 659.3929

P < .0001 0.0364

C2 D. mean -2587.4413 -426.6631 231.2338

P < .0001 < .0001 0.0003

C3 D. mean -2718.6751 -557.8968 -410.8929

P < .0001 < .0001 0.0223

C4 D. mean 2160.7783 2818.6751 2725.8504 2307.7823

P < .0001 < .0001 < .0001 < .0001

C5 D. mean 657.8968 565.0722

P < .0001 < .0001

C6 D. mean -92.8247 -510.8929

P 0.6962 0.0024

C7 D. mean -418.0682

P 0.0303

parameters of 10 re-runs and 300 iterations were used for 
a range of 2 to 8 clusters. These are presented in Figure 
5, using the UTM east and north coordinates as x and y, 
respectively.

To validate the differences between the resulting clusters, 
ANOVA tests were run, all of which were significant with 
a value of p<0.001. The differences in the distribution 
of the values are shown in Figure 6, through box charts, 
with a reference to the F statistic of each test. Meanwhile, 
the significant differences between groups, made with 
the Games-Howell post-hoc test, are illustrated in Table 2.

Differences between clusters (C) by variable are identified 
in Figure 6. The geographic location is significantly 
different for all clusters. The proportion of occupied 
urban area, for C7 and C6 is less than 0.5, and for C4 and 
C5 is above 0.7. The cost per m2 for C4 is highly variable 
and greater than the other clusters. This is followed by C1, 
C2, and C8. The distance to the closest main road gives a 
range below 200 m for C8 and C4; less than 300 m for C3, 
C5, and C2; between 400 and 800 m for C6 and C7; and of 
100m to 800m for C1. A slope above 5% is seen in C1, and 
less than 5% in the other clusters.

Table 2 allows identifying significant differences between 
paired clusters. The proportion of occupied urban area 
is significantly different between C1 and C4, C5 and C7; 
between C2 and the interval that runs from C4 to C7; 
between C3 and the interval that runs from C4 to C7; 
between C4 and C6, C7 and C8; between C5 and C6, C7 

and C8; between C6 and C8; and between C7 and C8. 
Meanwhile, the slope is significantly different between 
C1 and the interval from C2 to C8; between C2 and C3 
and C8; between C3 and C4, C5, C6 and C8; between 
C4 and C8; and between C5 and C8. The distance to the 
main road is significantly different between C2 and C6 
and C7; between C4 and C6 and C7; between C5 and C6 
and C7; between C6 and C8; and between C7 and C8. 
Finally, the cost per m2 is significantly different between 
C1 and C4 and C6; between C2 and the interval from C4 
to C6; between C3 and C4, C5 and C8; between C4 and 
the interval from C5 to C8; between C5 and C6 and C7; 
between C1 and C7 and C8; and between C7 and C8. 
Overall, significant differences were identified in all the 
variables.

Once the significant differences between adjoining 
clusters were validated, the urban polygons overlapped 
with the centroids, and the areas presented in Figure 
5 were marked out. The resulting map is presented in 
Figure 7 at a block level, distinguishing the consolidated 
ones and those that are being developed.

VI. DISCUSSIONS

The research used a model that prioritizes the 
percentage of area occupied by buildings, in contrast 
to Liu et al., (2018) and Steurer and Bayr (2020), who use 
population growth based on a close density. In all the 
cases, the K-Means algorithm made multidimensional 
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Figure 7. Characterization polygons of the resulting urban areas. Source: Preparation by the Author.

classification possible. In this sense, Steurer and Bayr 
(2020) propose means that can be complemented 
with the results for future research. Regarding the fit of 
image-based data sources, noise was found in the urban 
land classification. However, its reduction did not follow 
the parameters of Zhou et al. (2017), but rather the 
classified layers were reduced until obtaining an image 
with data of 2 values, which represent the occupied 
land.

Considering that the spatial behavior of urban 
phenomena is complex and uncertain (Pickard & 
Meentemeyer, 2019), changes are required to suitably 
study them. For this reason, the urban boundaries that 
had been defined by MPH (2016) had to be adjusted 
manually to be able to address peri-urban expansion 
areas and annex adjoining districts on the left bank 
of the Mantaro River. After generating the cluster 
classification, the marked-out polygons of the MPH 
proposal (2016) maintain a variation contrast that could 
be considered in future urban plans. In this aspect, it 
must be remembered that the complex reality demands 
flexibility when it comes to setting urban boundaries, 
and not just their political and administrative 
consideration (Steurer & Bayr, 2020).

The development of the urban sprawl in Huancayo 
is diffuse and low density: the differences between 
clusters identified with the Games-Howell test reveal 

that the areas around the center, C1 and C2, have a 
higher proportion which is different to all the other 6 
clusters and that this difference extends to the price, 
which is extremely high in C1 and C2, and less in C3, 
but more similar for the rest. This behavior is similar to 
the occupation pattern where a constant lower price 
and the disproportionate valuation of it in the areas 
near consolidated urban areas is sought (Baer & Kauw, 
2016; Gasic, 2018). The form of growth in Huancayo 
seems to go against the ideal vision of a chronological 
development proposed by Graells-Garrido et al. (2021) 
and Moreno et al. (2021). The growing distance of the 
centralized urban services and deficient transport must 
be priority issues (Vorontsova et al., 2016).

Just as Araque Solano and Caballero Quintero (2009) 
state, the prices in informal markets present their 
formalization under similar conditions as consolidated 
sectors. In the city of Huancayo, this variation is 
distinguished in the adjoining areas of C2 and C3 that 
close a consolidation process at a higher price. The 
fractioning identified could be linked to the limited 
participation of the public sector in market control 
(López-Navarrete & Peña-Medina, 2017). This rapid 
increase in the periphery price that follows a capital 
increase is a common situation in other scenarios like 
those analyzed by Amézquita, Rodríguez, and Murillo 
(2015), Gaete (2021), or Gasic (2018). Apart from this, the 
regulatory effects and specific or individual economic 
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interventions like State policy have to be added (Li et al., 
2019; Garza Puentes & Tovar Vanegas, 2009).

VII. CONCLUSIONS

This research identifies that the K-Means algorithm provides 
a viable way of classifying urban land using heterogeneous 
variables and that the difference between the generated 
clusters, can be tested as multivariate and differentiated 
through open data. From this classification, spatial fractioning 
is identified in the city of Huancayo which is mainly 
determined by the variables, proportion of occupied land, 
offered price, and distance to the main road system.

Although unassisted characterized is subject to opinion, the 
situation that urban sprawl in Huancayo has been experiencing 
must be highlighted, outlining alternatives for a more objective 
analysis of its occupation, taking advantage of the available 
means of analysis that there are.
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