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Abstract. In the design of modern urban systems that consider the needs of different resident groups, technical due diligence (TDD) processes
play a crucial role. According to current market practice, these processes precede land acquisition and the commencement of construction
projects. As part of this process, the feasibility of the planned investment is verified. Already at the preliminary report stage, potential legal,
technical, environmental, social, and economic constraints that may prevent the implementation of the project are identified. If no significant
barriers are found, a final report is issued. This article presents a methodology for identifying factors that may block the implementation of
an investment at the preliminary report stage. It also proposes a supporting model for the investment decision-making process regarding land
acquisition, based on decision trees. Based on completed TDD processes, an algorithm was developed that enables the construction of a decision
tree, considering various attributes describing the analyzed building plot. The use of decision trees allows for the early identification of key
attributes requiring detailed analysis in the initial phase of TDD. This facilitates more efficient preparation of preliminary reports, considering
the interests of different resident groups. In the final report stage, decision tree models can serve as a crucial tool to support investors in making
decisions regarding the potential land acquisition.
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1. INTRODUCTION

In the process of designing modern urban systems that con-
sider the needs of various resident groups [1], technical due
diligence (TDD) procedures play a key role. The term due dili-
gence [2] originates from the 1930s in the United States, where
it referred to the obligation of financial instrument sellers to
provide the necessary data required by local legislation. Today,
according to the American legal terminology dictionary [3], due
diligence refers to an analysis conducted by businesses before
making strategic decisions in areas such as corporate merg-
ers/acquisitions or the purchase/sale of major assets. According
to [4], the purpose of TDD analysis is to minimize risk, i.e.,
to protect the buyer from unexpected costs resulting from facts
disclosed after finalizing the transaction, when its reversal is no
longer possible. According to market practice, the purchase of a
building plot and the commencement of a construction project
are preceded by the preparation of a TDD report.

The scientific literature describes various methods for con-
ducting the TDD process, such as AHP (Analytic Hierarchy
Process), machine learning, expert interviews, document analy-
sis, and site inspections [5]. However, the authors have not found
any prior use of decision trees to support the preparation of TDD
reports, which is the focus of this article. Furthermore, this ar-
ticle attempts to define a consistent methodology for preparing
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such reports. It is worth mentioning that the use of decision
trees has already been discussed in the literature concerning
certain aspects of urban planning, such as managing reclama-
tion works [6] and investigating urban construction land [7].

The development of this report involves solving a classifica-
tion problem [8,9], which consists of confirming that the planned
building can be constructed on a given plot in compliance with
the currently applicable regulations [10] and the investor’s re-
quirements [11, 12]. Figure 1 presents the main stages of the
TDD process.

2. Documents 
    analysis. 

3. Land
    property
    inspection. 

4. Preliminary 
    report. 

5. Final report. 
6. Final 
    explanations. 

1. Preparatory 
    stage. 

Fig. 1. Stages in the implementation of the TDD process for a land
property [13]

At the preliminary report stage, legal, technical, environmen-
tal, social, and economic constraints that may become an in-
vestment barrier are verified. In such cases, the TDD process
concludes with the issuance of the preliminary report. If no such
constraints are identified, a final report is issued, containing any
reservations identified throughout the TDD process.

The TDD process discussed in this article focuses primarily
on technical aspects related to land, but it also examines legal,
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environmental, social, and economic factors [14]. According to
the guidelines of RICS (Royal Institution of Chartered Survey-
ors) [15], TDD aims to identify significant physical defects or
noncompliance with local regulations before the sale of a prop-
erty, which may affect its value on the commercial market. At
the buyer’s request, an inspection of the building plot is con-
ducted, all administrative decisions issued for the property in
question are reviewed, and all documents provided by the seller
are verified.

The preparation of the TDD report can be framed as a binary
classification problem [16], where the input consists of plot
attributes, which are independent variables, while the output
is a recommendation regarding the potential purchase of the
property, which is the dependent variable.

One of the most popular methods for solving classification
problems is the use of decision trees [17], which aim to divide
the data into the most homogeneous groups possible concerning
the dependent variable [18]. The method can be presented in a
clear graphical form and allows for identifying which attributes
have the greatest impact on the outcome.

This paper aims to apply the classifier, which, at the prelim-
inary report stage, will identify attributes that have a decisive
impact on the feasibility of the investment, and at the final report
stage, will support investment decisions regarding the potential
purchase of a building plot.

2. CONSTRUCTION OF A DECISION TREE
2.1. Decision tree based on five attributes
All factors affecting the implementation of an investment can
be grouped into five categories: technical, environmental, legal,
economic, and social. During the TDD process, factors belong-
ing to these categories are verified in relation to the specific
location of the building plot.

Table 1 presents twelve real projects for which TDD reports
were prepared between 2005 and 2025 and described using five
example attributes corresponding to the five different groups
of independent factors. These cases will serve as training and
testing data in our analysis. Training data from cases 1 to 10
were used to build the decision trees presented in Figs. 2 and 3.
The detailed description of the five attributes is presented in
Table 2.

The decision tree required to build the classifier was con-
structed based on the ID3 algorithm (Iterative Dichotomizer
3) [22] following the principles outlined below:
1. The best attribute is determined (according to the informa-

tion gain measure test), which is placed at the next node (the
root node during the first iteration) of the tree.

2. For each value of the selected attribute, a branch is created
with the next tree node.

3. The training set is divided into subsets for each value of
the selected attribute to be considered at each newly created
node.

4. If all examples have the same decision, a leaf is created,
terminating the process. Otherwise, the tree construction
starts again from the first step.

The information gain (1) measure test is a statistical test used
to evaluate attributes based on their ability to split the training
data into subsets. This test measures how much the entropy is
reduced after splitting the training set [22].

𝑃(𝐴, 𝐵) = 𝐸 (𝐴) −𝐸 (𝐴/𝐵), (1)

where 𝑃(𝐴, 𝐵) – information gain – the expected reduction in
entropy, 𝐸 (𝐴) – the entropy calculated for the training set 𝐴,
𝐸 (𝐴/𝐵) – the entropy calculated for the subsets created after
splitting the training set 𝐴 based on the value of attribute 𝐵.
Set 𝐴 is divided into two subsets: the first subset contains the

Table 1
A list of ten sample building plots, training data, described by five attributes (F – favorable, U – unfavorable)

Technical factors
(Soil conditions)

Environmental factors
(Tree inventory)

Legal factors
(Planning decisions)

Economic factors
(Purchase price

of the plot)

Social factors
(Neighbors’ attitude

towards the investment)

The decision made
by the investors

1 F F F F F Yes

2 F F U F U No

3 U F F F F Yes

4 U F F U F No

5 F U F U F No

6 F U F F F Yes

7 F U F U F No

8 F F F F U Yes

9 F F U F F No

10 U U F F U Yes

11 U U U F F No

12 U F F F U Yes
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Table 2
Detailed description of five attributes

Group of factors Description of attributes

1 Technical factors (soil conditions) [19]
Favorable – the building foundation can be classified as a geotechnical category I or II.

Unfavorable – the building foundation can be classified as a geotechnical category III.

2 Environmental factors
(Tree inventory) [20]

Favorable – the study was found not to include any trees that could be considered natural
monuments.

Unfavorable – the inventory includes trees that the authorities may consider natural monu-
ments and may refuse permission for their removal, which could limit the building area of the
future investment.

3
Legal – planning decisions (e.g., zoning
decisions, extracts from the Local Spatial
Development Plan)

Favorable – planning decisions that allow the construction of the planned building.

Unfavorable – planning decisions that do not allow the construction of the planned building.

4 Economic factors (purchase price of
the plot)

Favorable – the price of the plot is acceptable to the investor.

Unfavorable – the price of the plot is not acceptable to the investor.

5 Social factors (neighbors’ attitude
towards the investment)

Favorable – the positive attitude of direct neighbors towards the planned investment [21].

Unfavorable – the negative attitude of direct neighbors towards the planned investment. In
such a case, one can expect them to block, in accordance with applicable law, all formal
decisions and approvals issued for the subject plot.

“favorable” values of attribute 𝐵, while the second subset con-
tains the “unfavorable” values.

Within the framework of information theory, entropy [23]
is defined as the average amount of information per symbol
representing the occurrence of an event from a given set [24].
The events in this set are assigned probabilities of occurrence.
The formula for entropy for our training data (2)

𝐸 (𝑥) =
2∑︁
𝑖=1

𝑝(𝑖) · log2
1

𝑝(𝑖)

= −
2∑︁
𝑖=1

𝑝(𝑖) · log2 𝑝(𝑖), (2)

where 𝑝(𝑖) – the probability of occurrence of event 𝑖, 𝑥 – the
dataset for which entropy is calculated.

The entropy for the training set (𝐴 – cases 1–10, see Table 1)
amounts to 𝐸 (𝐴) = −0.5 · log2 (5/10) − 0.5log2 (5/10) = 1. In
Table 3, the information gain was calculated for the subsets of
the training set obtained by splitting based on the described
attribute.

The information gain measure test yielded the best result for
the economic attribute, which is why this attribute was placed
at the root of the tree. After applying the procedure twice, we
obtained the final version of the decision tree. Attributes that do
not have a decisive impact on investment implementation were
omitted from the model.

Table 3
Information gain calculated for the five attributes using training data (cases 1–10, see Table 1)

Attribute: technical
conditions

Attribute: environmental
conditions Legal attribute Economic attribute Social attribute

Favorable
𝐸𝐹

𝐸𝐹 [4, 3] =
−4/7log2 (4/7) −

3/7log2 (3/7) = 0.98

𝐸𝐹 [3, 3] =
−3/6log2 (3/6) −
3/6log2 (3/6) = 1

𝐸𝐹 [5, 3] =
−5/8log2 (5/8) −

3/8log2 (3/8) = 0.954

𝐸𝐹 [5, 2] =
−5/7log2 (5/7) −

2/7log2 (2/7) = 0.86

𝐸𝐹 [5, 2] =
−5/7log2 (5/7) −

2/7log2 (2/7) = 0.86

Unfavorable
𝐸𝑈

𝐸𝑈 [2, 1] =
−2/3log2 (2/3) −

1/3log2 (1/3) = 0.907

𝐸𝑈 [2, 2] =
−2/4log2 (2/4) −
2/4log2 (2/4) = 1

𝐸𝑈 [2, 0] = −1log2 (1) −
0log2 (0) = 0

𝐸𝑈 [3, 0] = −1log2 (1) −
0log2 (0) = 0

𝐸𝑈 [2, 1] =
−1/3log2 (1/3) −

2/3log2 (2/3) = 0.92

The amount of
information per

attribute
𝐸 (𝐴/𝐵)

7/10 · 0.98+3/10 · 0.907
= 0.958

6/10 · 1+4/10 · 1
= 1

8/10 · 0.954+2/10 · 0
= 0.7632

7/10 · 0.86+2/10 · 0
= 0.602

7/10 · 0.86+3/10 · 0.92
= 0.878

Information gain
𝐸 (𝐴) −𝐸 (𝐴/𝐵) 1− 0.958 = 0.042 1− 1 = 0 1− 0.7632 = 0.2368 1− 0.602 = 0.398 1− 0.878 = 0.12
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Figures 2 and 3 show a graphical representation of the deci-
sion tree based on the training data (cases 1–10, see Table 1).

Economic ≤ 0
samples = 10
entropy = 1.00

class = Negative

samples = 3
entropy = -0.00

class = Negative

Yes

Legal ≤ 0
samples = 7

entropy = 0.86
class = Negative

No

samples = 2
entropy = -0.00

class = Negative

Yes

samples = 5
entropy = -0.00
class = Positive

No

Fig. 2. Diagram of a decision tree based on five attributes. It is con-
structed using the ID3 algorithm. Blue leaves indicate a positive deci-

sion, pink ones a negative decision

Fig. 3. Diagram of a decision tree based on five attributes. It is built
using the CART algorithm. Blue leaves indicate a positive decision,

orange ones a negative decision

The graphics in Fig. 2 correspond to the application of the
ID3 algorithm as described in this paper, while Fig. 3 represents
the CART (classification and regression trees) algorithm, which
is a more advanced version of ID3. The CART algorithm [7]
uses the 𝐺 ini index (3) instead of the information gain test to
measure how purely the data are split at the nodes.

𝐺 ini = 1−
2∑︁
𝑖=1

𝑝2
𝑖 , (3)

𝑝𝑖 – the probability that an object belongs to class 𝑖.

For the entire training data, the 𝐺 ini coefficient is 0.5
[1− (0.52 + 0.52)]. The computation of the 𝐺 ini coefficient is
significantly less time-consuming for enormous data sets than
calculating the information gain test, which requires logarithmic
operations [24]; however, for our context, it is not a principal
issue.

Out of the five attributes used to build the tree, two factors
(economic and legal) were identified as decisive for the feasibil-
ity of the investment. These factors should be thoroughly verified
as early as the preliminary TDD report stage. This provides ad-
ditional value for the preparation of the preliminary report of
the TDD process, outside of the benefits of the decision trees
model.

2.2. Model testing – five attributes

The five attributes model was a preliminary proof of concept.
The model was tested using the cross-validation methodology.

The data presented in Table 1 were divided into six separate
groups presented in Table 4, each consisting of two cases. Six
tests with different training and testing sets were conducted.
The model consistently produced decisions matching the actual
outcomes.

Table 4
Presentation of a cross-validation test

Training data,
number of cases

Testing data
number of cases Results

1 From 1 to 10 11, 12 Correct for all testing data

2 From 3 to 12 1, 2 Correct for all testing data

3 From 5 to 12 and
from 1 to 2 3, 4 Correct for all testing data

4 From 7 to 12 and
from 1 to 4 5, 6 Correct for all testing data

5 From 9 to 12 and
from 1 to 6 7, 8 Correct for all testing data

6 From 11 to 12
and from 1 to 8 9, 10 Correct for all testing data

However, based on the authors’ experience, it can be noted that
five attributes are not sufficient to satisfactorily reflect reality.
For this reason, an attempt was made to expand it into a model
based on 15 attributes.

2.3. Decision tree based on fifteen attributes

Below is a decision tree model built based on the training data
presented in Table 5, cases from 1 to 20. Each investment is
described by 15 attributes assigned to five groups of factors.
A detailed description of the 15 attributes is presented in Ta-
ble 6. Figure 4 shows a graphical representation of the decision
tree. The graphic corresponds to the application of the CART
algorithm.

Of the fifteen attributes used to build the tree, two main factors
(economic – price of the building plot and legal – planning
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Table 5
Training data for the decision tree model with 15 attributes (F – favorable, U – unfavorable)

Technical factors Environmental factors Legal factors Economic factors Social factors
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1 F F F F F F F F F F F F F F F Yes
2 F F U F U F U F F F F F U U F No
3 U U F F U F F F F F F F U U F Yes
4 U U F F U F F F F U F F F F F No
5 F F U U F F F U F U F F U U F No
6 F F F U F F F F F F F F U F F Yes
7 F F U U F F U F F F F F U U U No
8 F F F F U F F U F F F F U U F Yes
9 F U F F U F F U U F F F F F F Yes
10 U F F U U F F F F F F F U U F Yes
11 F F F F U F F U F U F F F F F No
12 F U F F U F F F F F F F F F F No
13 F F U F U F F U F U U U F F F No
14 F F F F U F F U F F F F U F F No
15 F F F F F F U U F F F F U F F No
16 F F F F F F F F F U U F U F F No
17 U F F U F F F F U F F F F F F Yes
18 U F F F U F F U F F F F U U F Yes
19 F F U F F F F F F F F F U F F Yes
20 F F F U U F F U U F F F F F F Yes
21 F U F F F F U F F F F U U U F No
22 F F U F F F F F F F U F U U F Yes
23 F F F F U F F F F F U F U U F Yes
24 U F F F U F F F U U F F U F F No
25 F F U U U U F U F F F U U U F Yes

Table 6
A detailed description of the 15 attributes

Factor group Attribute Attribute description

1 Technical

Ground conditions [19]
Favorable – the building foundation can be classified as a geotechnical category I or II.
Unfavorable – the building foundation can be classified as a geotechnical category III.

Connection conditions
to public roads

Favorable – the costs associated with the connection to public roads are acceptable to
the investor.
Unfavorable – the costs associated with the connection are not acceptable to the investor.

Conditions for connection
to utilities

Favorable – the costs of implementing all utility connections are acceptable to the
investor.
Unfavorable – the costs of implementing all utility connections are not acceptable to
the investor.
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Table 6 [cont.]

Factor group Attribute Attribute description

2 Environmental

Inventory of greenery [20]

Favorable – the study does not include trees that can be considered natural monuments.

Unfavorable – the inventory includes trees that the authorities may consider natural
monuments and may not grant permission for their removal, which could limit the
building area of the future investment.

Ground contamination [25]
Favorable – there is no soil or groundwater contamination on the building plot.

Unfavorable – the plot is contaminated, requiring remediation work.

Carbon footprint

Favorable – the investor is not required to reduce the carbon footprint during the project
implementation.

Unfavorable – the investor imposes a requirement not to exceed the limit of the carbon
footprint per square meter of usable floor area of the future building.

3 Legal

Planning decisions

Favorable – planning decisions or an extract from the local zoning plan allow for
development in line with the investor’s expectations.

Unfavorable – planning decisions or extracts from the local zoning plan do not allow
for development in line with the investor’s expectations.

Heritage protection of the
area [26]

Favorable – the building plot is not located in an area under heritage protection.

Unfavorable – the building plot is in an area under heritage protection.

Legal status of neighboring
plots

Favorable – the legal status of neighboring plots is clear and transparent (e.g., no
ongoing inheritance proceedings).

Unfavorable – the legal status of neighboring plots is unclear, which will result in the
inability to establish parties in administrative proceedings.

4 Economical

Price of the building plot
Favorable – the price of the plot is acceptable to the investor.

Unfavorable – the price of the plot is not acceptable to the investor.

Construction market trends
analyzed in reports by con-
sulting firms, e.g., [27, 28]

Favorable – according to real estate market reports, there is an increasing demand for
the planned type of buildings.

Unfavorable – according to real estate market reports, there is no observed demand for
the planned type of buildings.

Global economic situation

Favorable – the investor has a positive attitude towards the global economic situation
(e.g., low inflation, positive economic growth).

Unfavorable – the investor has a negative attitude towards the global economic situation
(e.g., high inflation, negative economic growth).

5 Social

Direct neighbors’ attitude

Favorable – the positive attitude of the immediate neighbors towards the planned
investment [21].

Unfavorable – the negative attitude of the immediate neighbors; in this case, one can
expect the blocking of all administrative decisions issued for the building plot.

Social attitude. This attribute
has a direct impact on sustain-
able land use strategies and the
development of modern urban
systems.

Favorable – social associations (e.g., district councils) do not protest similar invest-
ments.

Unfavorable – social associations (e.g., district councils) are actively protesting similar
investments.

City authorities’ attitude. This
attribute has a direct impact on
sustainable land use strategies
and the development of mod-
ern urban systems.

Favorable – the city authorities have a positive attitude towards the investment and
assure their support.

Unfavorable – the city authorities have a negative attitude towards the investment.
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Fig. 4. Diagram of a decision tree based on 15 attributes. The diagram was generated using the CART algorithm. Blue leaves indicate a positive
decision, orange ones a negative decision

decisions) were identified as determining the feasibility of the
investment. These factors should be verified at the preliminary
TDD report stage.

2.4. Model testing – fifteen attributes
The model was tested using the cross-validation methodology.
The data presented in Table 5 was divided into five separate
groups presented in Table 7, each consisting of five cases. Five
tests with different training and testing sets were conducted.

Table 7
Presentation of a cross-validation test

Training data,
number of cases

Testing data,
number of cases Results

1 From 1 to 20 From 21 to 25 Correct results for
all cases

2 From 6 to 25 From 1 to 5 Incorrect result for
case 3

3 From 11 to 25 and
from 1 to 5 From 6 to 10 Correct results for

all cases

4 From 16 to 25 and
from 1 to 10 From 11 to 15 Incorrect results for

cases 12 and 14

5 From 21 to 25 and
from 1 to 16 From 16 to 20 Correct results for

all cases

The test set achieved an accuracy of 88%, which should be
considered a satisfactory result. Bearing in mind the fact that
only 25 cases described by 15 attributes were used, the presented
decision tree model, following appropriate consultations with
the investor regarding their preferences, can be used in a limited
capacity to support purchasing decisions.

3. DISCUSSION

In the literature, there are many papers describing decision
support systems in various fields (e.g., managing reclamation
works [6], economic decisions [29]); however, there is no sys-
tem specifically addressing the purchase of building plots.

Based on the research, a methodology for constructing an in-
vestment decision support system using decision trees was pre-
sented. These trees can be built using any number of attributes,
considering investors’ preferences, such as sustainable land use
strategies and modern urban systems, when purchasing building
plots for construction projects. For the purposes of this article,
decision trees considering 5 and 15 attributes were developed.
In both cases, it was possible to identify factors determining the
feasibility of a given project. The presented procedure success-
fully identifies attributes that prevent project implementation at
the preliminary TDD phase. This allows for the early termina-
tion of land purchase negotiations, helping to avoid additional
costs.
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It was also demonstrated that at the final report stage, despite
the shortage of training data, decision trees could still be used
to provide potential purchasing recommendations for specific
plots. To enable the model to better reflect real market condi-
tions, an increase in both the number of attributes and the dataset
size is necessary, which is planned for subsequent studies. To
enhance model accuracy, additional methods based on ensem-
ble or hybrid machine learning techniques (e.g., random forest)
will be employed in future research. An additional unresolved
issue is the challenge of incorporating all concerns identified in
the final TDD report into the planned investment budget. Future
research by the authors will focus on applying scientific meth-
ods that allow the inclusion of all objections raised in the final
TDD report within the planned investment budget. In addition,
the TDD process can be accelerated through integration with
geospatial or economic datasets, which will also be the subject
of further research.

4. CONCLUSIONS
The purchase of a plot, along with the preparation of a TDD
report, is the first stage of the investment preparation process,
which can determine its success. All technical, environmental,
legal, economic, and social constraints affecting the feasibil-
ity of the project are analyzed at the preliminary report stage.
Other discrepancies identified during the TDD process should
be included in the final report.

This study investigates the application of decision trees in
the TDD process conducted for the purchase of a building plot
intended for construction investment. The training dataset was
developed based on TDD processes conducted between 2005
and 2024. The ID3 and CART algorithms were used to build the
decision trees. Decision trees can be expanded with additional
attributes as needed, allowing customization to the investor’s
specific requirements. They can also serve as a decision-support
tool during the TDD process.

Apart from the direct application of decision trees, our method
identifies key attributes that influence purchasing decisions,
thereby reducing the workload required to prepare preliminary
TDD reports. Moreover, through the careful selection of at-
tributes used in model development, it is possible to contribute
to sustainable land use strategies and modern urban systems.

The limitation of the method is the difficulty in building
a database containing enough projects described by attributes
that align with the investor’s expectations. An additional chal-
lenge is collecting an adequate number of cases related to the
same type of investment (e.g., residential, commercial, or in-
dustrial/warehouse developments).

In scientific literature, the authors have not encountered the
use of decision trees to support the process of preparing a TDD
report.

In line with current market practice, companies prepare TDD
reports based on their personal experience, which makes it im-
possible to establish a standardized format for these documents.
This article is an attempt to define a consistent methodology for
preparing TDD reports, which will undoubtedly contribute to
their standardization, something that will benefit the construc-
tion market.
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