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Abstract

Activity planning, in construction projects is time consuming and er-
ror prone. This task is one among many that is a practical applica-
tion of performing semantic enrichment in IFC models. Planning practice
demonstrates that a large number of the activities assigned to a project
are determined by the project’s construction elements and profile. Con-
sidering that, ideally there should be a way of automatically deriving the
corresponding activities for a construction project. The main hindrance
to automation is that the assignment of activities for the same build-
ing elements displays high variability and relies to a great extent on tacit
knowledge of the project planner regarding the project. This work aims at
implementing and validating a system that performs automatic suggestion
of activities given an IFC model of the building. Our solution harvests
expert knowledge through a recommendation algorithm that collects data
from previous projects, and learn when users review the assignments, add
missing ones or identify incorrect ones.

1 Introduction

Building Information Models (BIM) have emerged as a way to promote the
exchange of information about a construction project between all of its stake-
holders during its lifestyle. Currently, the IFC exchange format is a BIM stan-
dard that contains information about building design, planning, or construction
management. Although IFC is very complete, in some cases its construction
elements can have multiple definitions because of the need to represent objects
and relationships for a wide range of AEC domains [7]. For example, a precast
floor slab can be defined in IFC: as a ’Boundary Representation bounding box’,
for clash detection; as ’solid extrusions’ of individual pieces, for fabrication;
as ’building entities’ without explicit geometry, for production and delivery se-
quencing; and as a ’slab aggregation’, for other purposes. All of these classes
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are distinct representations of the same construction element and this happens
because the rules for choosing the most suitable class due to the context of the
project are not defined, and studies show that without well-defined exchange
model views, the exchanges are vulnerable to errors, omissions, contradictions,
and misinterpretations because they reduce or simplify the information [1]. In
other words, IFC lacks semantic clarity [13]. One way to clarify the semantics of
IFC consists of mapping them to classification systems such as OmniClass [6] or
UniClass [5]. Thereby classifying IFC’s information and addressing the multiple
definitions problem. This process which, nowadays, is mostly done manually is
called semantic enrichment of the IFC model. To perform semantic enrichment
manually, one needs to combine multiple tables from a classification system,
and for projects with similar profiles but different IFC models, all the work has
to be repeated, since there is no way of reusing past classifications from similar
projects. This task is tedious, time consuming and error-prone.

One of the applications for performing semantic enrichment on IFC models is
for activity planning in construction projects. In various cases, the same IfcEle-
ment [3] can have different activities assigned to it depending on the profile of
the project in question. This problem can be addressed with a recommendation
algorithm to help choose the most suitable assignments of activities depending
on the project.

Two solutions have been proposed in literature for the semantic enrichment
of IFC models. seeBIM [2], performs semantic enrichment to IFC models with
a rule-based engine. However, it does not make use of classification systems,
proposing a complex and not easily usable solution. Object Profile Manager [14],
is an IFC-compliant, object-CAD based and OWL ontology approach for seman-
tic interoperability for BIM. However CAD modelling is out of the scope of this
work. Both of these approaches aim at solving the problem this thesis will
attempt to solve, but both are incomplete.

In the field of recommendations two kinds of algorithms were explored: rule
based and clustering. With a rule-based algorithm, such as Apriori [10] the goal
is to find elements that have a high probability of always belonging to the same
set. For example, in a e-commerce platform, the goal is to find the items that
are frequently bought together and create an association rule between them.
On the other side, with clustering or nearest neighbours algorithms, the goal
is to create groups based on a similarity function. From the previous example,
the goal here is to find customers with similar tastes by grouping them together
based on common bought items [10, 11].

This works aims at validating the feasibility of using a recommender system
to simplify and reduce the time spent while classifying complex information
extracted from an IFC file. For a given project, the system will have stored
information from previous projects that are similar and will suggest activity
assignments that are similar. These suggestions will be based on a recommen-
dation algorithm that suggests the activities based on a calculated weight for
each association. This weight is modified every time a suggestion is either cor-
rect or incorrect. The algorithm will always aim to suggest the associations with
the higher weights, according to previous similar projects. The only tasks the
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user needs to perform is validate the suggestions and add missing ones or delete
incorrect ones.

To achieve a solution that fulfils all the requirements described above, a web
application was implemented with a central database server. This provides for a
more substantial knowledge base for the algorithm to work on. This application
allows the users to create profiles, projects and also provides mechanisms to
upload IFC files and work on the recommendations made by the algorithm.

In order to evaluate the success of the system, user tests will be conducted
to conclude the usability of the system and if it indeed does reduce the time
spent while performing activity planning. These tests will also provide a way to
measure the quality of the recommendations through the expert knowledge of
the users. Also different models were used, in order to conclude if the algorithm
does indeed make the right recommendations for different models with elements
in common.

With this system it is expected that the time spent while activity planning
will be reduced significantly and the degree of complexity of this task will also
decrease. As for the semantic enrichment of the IFC models, it is expected
that after performing the classifications, in the case of this work, performing
the assignment of activities to IFC elements, there will be no more ambiguities
and IFC will no longer lack semantic clarity.

To achieve the highest level of accuracy for the plan, the activities need to
be carefully assigned to the right elements. This can be an issue due to the
fact that the chosen activity for a given construction element depends on the
context of the construction project. For example, one construction element can
be assigned one activity in one project and another activity in another project.
If for some reason, the wrong activity is assigned to a construction element,
the resources and cost for that activity can be miscalculated. This is why a
system that aids with activity planning reducing errors in activity assignment
is needed. This system uses the Omniclass Classification System, by mapping
Omniclass Products to Omniclass Work results, which represent the elements
and activities, respectively.

2 Related Work

This section presents a detailed analysis on the related work for the problem this
thesis will try to solve. The scope of this analysis is divided in two categories:
Building Information Models and Recommender Systems. Both are presented
below.

2.1 Building Information Models

In this section there is a description of two systems that attempt to solve IFC’s
lack of semantic clarity, one by performing semantic enrichment, and the other
by reaching semantic interoperability.
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Figure 1: Semantic enrichment engine (SeeBIM) architecture, where it is possi-
ble to see the flow of execution that allows an IFC model to be enriched by the
rule processing engine.

2.1.1 SeeBIM for semantic enrichment

Semantic enrichment of building models is a process in which an expert inference
rule engine applies domain-specific rule sets to identify new fact about building
objects and relationships in an input building model and adds them to the
model. These inference rules have the knowledge of domain experts encapsulated
in them. SeeBIM is a tool that attempts to implement semantically useful
building models from explicit and implicit information contained in building
models extracted from BIM tools.

The inference rules are defined as IF-THEN rules using a predefined set of
object types and operators expressed in a format which is easily comprehensible
by domain experts that are not programmers. The operators include functions
for reading the existing model, testing for geometric and topological relation-
ships, and for creating new objects, properties and relationships. The new and
enriched objects conform to an MVD defined for the given domain.

The architecture of SeeBIM is shown in Figure 1. From it we can observe
that is consists of the following parts:

1. A parser(1) to read the IFC model from BIM tools

2. An internal run-time database(2) to store the parsed information

3. The inference rules(3,4,5) described in a three-tiered structure

4. An IFC writer(6) to generate IFC files of the enriched model

5. A custom-built run-time rule-processing engine(7) to execute the user de-
fined rules and add new facts to the internal database of SeeBIM.

As mentioned above, SeeBIM’s inference rules are described in three tiers.
Tier 1 consists of rule statements. At this level, domain experts can define infer-
ence rules for new facts about a model. Their lexical components are logical and
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relational operators, Boolean constants, universal operators (defined in Tier 2),
domain-specific concepts and relationships, and product model schema entities.
Tier 2 is a library of concepts, properties and relationships, as well as the ge-
ometry, data query and spatial topology operators that are used for compiling
rules in Tier 1. Tier 3 represents the implementation in computer code of Tier
2 operators [2]

2.1.2 Object Profile Manager for semantic interoperability

Semantic interoperability of BIM and data models is the ability of enabling
multi-disciplinary applications to understand and utilize the semantics of BIM
and meanings of model data, and to map between commonly agreed concepts
to establish a semantically compatible information exchange environment. The
approach described in [14] proposes an IFC compliant, object-CAD based, and
OWL ontology enabled solution. This approach consists of three steps:

1. Object-based CAD modelling

2. IFC extensions modelling

3. Semantic mapping between CAD and IFC property definitions

A Web-enabled prototype for this approach was implemented. This proto-
type uses a multi-tier architecture consisting of four tiers:

1. Data source tier - used to store and retrieve data objects, IFC files and
XML instance files

2. Domain logic tier - used to provide domain services for management of
CAD objects and vocabulary, property, behaviour and relationship ob-
jects.

3. Web tier - uses the MVC pattern to direct online service requests from
client to relevant Model beans for processing

4. Client tier - consists of interfacing tools and add-on toolkits for CAD and
non-CAD applications.

2.2 Recommendation Algorithms

This section presents a technical analysis on some of the most used recommender
systems. Some are e-commerce systems, where the recommendation algorithms
aid shoppers to find similar items to the ones they like and others are systems
that resort to recommendations to aid the users reduce time while making a
specific choice inherent to the domain of the system, for example choosing a
movie.

5



2.2.1 Amazon.com’s Item-to-item collaborative filtering

In order to have effective advertisement Amazon.com resorts to a item to item
recommendation algorithm, so that when a customer shows interest in a prod-
uct by, for example adding it to the cart, related or complementary products
can be suggested, thus increasing the size of the order. Although there are
many approaches to make recommendations and recommendation algorithms,
none had the scalability necessary to deal with Amazon.com’s tens of millions
of customers and products. To solve that problem they created their own al-
gorithm, item-to-item collaborative filtering. Contrary to matching a user to
another user with similar interests, this algorithm matches each of the user’s
purchased and rated item to similar items into a recommendation list [4]. To
find the most similar match for a given item the algorithm builds a similar-items
table by finding items that customers tend to buy together, thus forming as-
sociation rules between them. To calculate the similarity between to items the
cosine similarity function is used, in which each vector corresponds to an item
instead of a customer as it is done in the nearest neighbours algorithm. The
key to the item-to-item collaborative filtering’s success in terms of scalability
and performance is the creation of the similar items tables offline, and since it
recommends highly correlated items, the quality of the recommendations is ex-
cellent [8, 11, 12]. Amazon.com’s algorithm can be seen as an association rules
algorithm.

2.2.2 eBay.com’s Feedback Profile

The Feedback Profile feature of eBay.com is used to provide customers with a
recommendation of the sellers. The feedback consists of a satisfaction rating as
well as a specific comment about the other user. This profile consists of a table
of the number of each rating in the past 7 days, past month and past 6 months,
as well as an overall summary. This feature provides guidance when a similar
product is being sold by two different sellers for example [12].

2.2.3 MovieFinder.com’s Match Maker

MovieFinder.com’s Match Maker recommender system allows customers to find
movies similar to a given one, based on attributes such as genre, theme or cast,
for example. This system also recommends links to movies by the original film’s
director and key actors. MovieFinder.com also has We Predict which is a rec-
ommender system that is based on a customer’s previous indicated ratings [12].
These recommender systems resort to clustering algorithms.

2.2.4 Reel.com’s Movie Map

Reels.com’s Movie Matches provides recommendations on a movie’s page for
similar movies, using clustering. These recommendations consist os a set up to
a dozen links to the recommended movies. The Movie Map feature recommends
movies based of syntactic features, such as, genre, viewing format, price, and so
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on. These recommendations are editor’s recommendations for movies that fit
the specified criteria [12].

2.2.5 HeyStaks

HeyStaks [9] is an analytics platform that adds two basic features to a main-
stream search engine. Besides allowing users to create and share search staks, as
a type of folder for their searches, HeyStaks also uses those staks to generate rec-
ommendations that are added to the underlying search results that come from
the mainstream search engine, resorting to a clustering algorithm. These rec-
ommendations are results that stak members have previously found relevant for
similar queries and help the user to discover results that friends colleagues have
found interesting, which may otherwise be buried deep within Google’s default
result list. HeyStaks is divided in two components. On one side, a client-side
browser toolbar responsible for allowing the users to create and share staks,
capturing click-throughs and managing the integration of HeyStaks recommen-
dations with the default result list from the search engine. On the other side,
a back-end server that manages the individual stak indexes, the stak databse,
the HeyStaks social networking service and the recommendation engine. In ad-
dition to the toolbar, HeyStaks users can also benefit from the HeyStaks search
portal, which provides a social networking service built around people’s search
histories. This portal also provides a wide range of stak maintenance features.

As for the recommendation engine itself, each stak serves as a profile of
the search activities of the stak members. Each stak is composed of a set
of result pages, and each page is associated with a number of implicit and
explicit interest indicators, including the total number of times a result has
been selected, the query terms that led to its selection, the number of times
a result has been tagged, the terms used to tag it, the votes it has receives
and the number of people it has been shared with. Each page is associate with
a set of term data (query terms and/or tag terms) and a set of usage data
(the selection, tag, share and voting count). The term data is represented as a
Lucene1 index table. At search time, a set of recommendations is produced in
a number of stages: relevant results are retrieved and ranked from the Lucene
stak index; these promotion candidates are filtered based on an evidence model
to eliminate noisy recommendations; and the remaining results are added to the
search engine result list according to a set of recommendation rules.

2.2.6 BibSonomy

BibSonomy [9] is a students project at the Knowledge and Data Engineering
Group of the University of Kassel, with the goal of providing a system for
organizing BibTex entries similar to bookmarks in Delicious 2. A bookmark in
BibSonomy is composed by the title of the bookmark, a description, a list of tags
assigned by the user and finally the user’s username. To provide support for the

1http://lucene.apache.org
2https://delicious.com/
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System Solution for: Applicable to BIMLink?

SeeBIM Semantic Enrichment

Yes, but presents a very complex

solution and does not make use of

any available standars

Object Profile

Manager

Semantic

Interoperability

No, because is based on CAD

modelling which is out of the scope

of this work

Table 1: Applicability analysis of the systems for semantic clarity in BIM studied
for this work

user during the tagging process and facilitate tagging, BibSonomy, includes a tag
recommender. When a user posts a web page to BibSonomy, the system suggests
up to ten recommended tags on the posting page. These recommendations are
based on clusters with similar tags.

2.3 Discussion

This section intends to analyse the solutions presented above and discuss whether
and how they solve the problem this work intends to solve. This discussion is
divided in two sections, one concerning the approaches for BIM models and the
other concerning the recommender systems that were described.

In terms of BIM, the presented work intends to solve two problems of these
models, one is semantic enrichment and the other is semantic interoperability.
seeBIM and the Object Profile Manager are the systems developed to solve such
problems, respectively. Although a system that semantically enriches IFC mod-
els could be a useful approach for this work, seeBIM’s solution is rule-based
and does not make use of any existing classification system, making it of more
complex use. On the other side, the Object Profile Manager, solves a great prob-
lem concerning BIM and IFC models, but bases its solution in CAD modelling
and makes a semantic mapping between CAD and IFC property definitions.
This solution is not appropriated since goal of this work is on a higher level of
abstraction than CAD modelling. This informations is summarized in Table 1.

Concerning the recommender systems described in the previous section,
there is one that bases its recommendations on a network of users. HeyStaks’
recommendation algorithm creates a network of users, similar to a social net-
work, and makes its recommendations based on that network. A user can create
a stak of web searches and share among its network, and the other users’ result
page for a similar search will present the recommended results first. On the other
side, systems like Amazon.com, eBay, MovieFinder.com and Reel.com base their
recommendations on similar items. Aside from Amazon.com’s item-to-item cor-
relation, all of the others are similar, presenting recommendations based on a set
of attributes for the items, such as movie genre and so on. BibSonomy presents
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Recommender
System

Recommendation
Algorithm

Recommendation
Quality

Applicable to
BIMLink?

Amazon.com
Item-to-item
correlation

 

Yes, but lacks
the context-based
recommendations
needed for BIMLink

Ebay.com’s
Feedback Profile

Satisfaction ratings -

No, because there
is no actual
recommendation and
only presents more
information to
aid the user’s choice

MovieFinder.com’s
MatchMaker

Attribute based
item-to item
recommendations

 

Yes, but lacks
the context-based
recommendations
needed for BIMLink

Reel.com’s
MovieMap

Attribute based
item-to item
recommendations

 

Yes, but lacks
the context-based
recommendations
needed for BIMLink

HeyStaks
Network based

recommendations
G#

No, because the goal
is to have
a item-to-item
recommender system

BibSonomy
Content-based

recommendations
G#

Can be, due to being
content-based
but does not have
a specific domain
for the recommendations

Table 2: Applicability analysis of the recommender systems studied for this
work. The recommendation quality is evaluated in High ( ), Medium (G#), and
Not Applicable(-).

a whole different type of recommendation: content-based. The best approach
for this work is an algorithm similar to Amazon.com’s item-to-item correlation,
since the purpose of the recommendation is the same: recommend items that
are very closely correlated to one another. In a shopping context it is useful
for finding items that are frequently bought together, and in the context of this
work the items to be correlated are elements extracted from an IFC file and the
activities present in the classification system. This information is presented in
Table 2.

3 Solution

This section intends to describe what is behind the design of the solution, that
is, the BIMLink application, by providing a detailed explanation of how to
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theoretically solve the problem that was described.

3.1 Solution Overview

The goal of this work is to semantically enrich IFC models with the aid of a
recommender system. Since activity planning is the one of the practical appli-
cations of performing semantic enrichment, the scope of this solution focuses
on that aspect. Therefore, the goal is to assign activities to elements extracted
from the IFC model, by using the Omniclass Classification System, that helps to
clarify the semantics of IFC. In order to do that, two Omniclass Tables need to
be mapped to one another. One is the Omniclass Products table that represents
the elements extracted from the IFC model, and the other is the Omniclass Work
Results table, which represents the activities to be assigned to the elements.

The solution relies on a user-friendly application that allows users to create
profiles, add projects and upload files to their respective projects. The appli-
cation also runs the recommendation algorithm that performs suggestions of
which Omniclass Work Results should be assigned to which Omniclass Prod-
ucts. Finally, the users will validate the recommended work results.

The main architectural components for this application are:

• Centralized database - All the data from the users projects need to be
stored in a centralized database in order to provide a a bigger knowledge
base for the recommendation algorithm.

• Data management application - All the data from the projects and the
models needs to be managed before it is stored in the database. This
application read and parse the IFC files, and also run the recommendation
algorithm.

• User interface - This component is needed so that the user can have a way
of creating a profile and projects, as well as uploading files and managing
the file information.

3.2 Conceptual Overview

Considering that the main goal for this system is to provide recommendations
in order to assist the classification of elements extracted from an IFC file, it is
important to first answer the question: what information from the IFC file is
relevant to this problem? Also, it is important to have a formal definition of
the recommendation algorithm.

3.2.1 The relevant information from IFC

It is known that due to the power of IFC, an IFC file can be of big dimensions
and have thousands of lines. So, in order to find what was relevant and due to
the lack of domain knowledge in the construction field, the only way was to look
at the file and search for mentions of a classification system. The conclusion
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was that there are four classes that play a role in classifying an IFC element.
Those are:

• IfClassification - used for the arrangement of objects into a class or cate-
gory according to a common purpose or their possession of common char-
acteristics. A classification in the sense of IfcClassification is taxonomy, or
taxonomic scheme, arranged in a hierarchical structure. A category of ob-
jects relates to other categories in a generalization-specialization relation-
ship. Therefore the classification items in an classification are organized
in a tree structure.

• IfcClassificationReference - reference into a classification system or source
for a specific classification key (or code)

• IfcRelAssociatesClassification - handles the assignment of a classification
item to objects occurrences

• IfcObjectDefinition - is the generalization of any semantically treated thing
or process, either being a type or an occurrences

From above, it is clear that these classes from the IFC file that are relevant,
and how they are extracted from the file is exlpained in chapter ??.

3.2.2 Formal definition of the recommendation algorithm

BIMLink’s main feature is the automatic suggestion of activities for the elements
extracted from the IFC model. In order to implement this feature, a recommen-
dation algorithm was implemented following an item-to-item recommendation
approach. This algorithm will make recommendations of associations between
elements and activities based on the project profile. At the first use, the algo-
rithm will not have any knowledge base for recommendations, and only after
running once where associations are created it will be able to make recommen-
dations in further uses.

More formally, let us define an association A = {p, w r, t, r, w}, where:

• p is the Omniclass Product code

• w r is the Omniclass Work Result code

• t and r are the type of construction and region of the project, respectively

• w is the association weight

The associations will be stored persistently in a database so that the algorithm
can reuse them for future similar projects. The similarity between projects is
defined by context of the project, which in turn is defined by the type and
region fields of the association. The weight of association A is calculated as
shown below:

weight(A) =
total correct recommendations of A

total recommendations of A
(1)
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The execution flow of the algorithm for a given Omniclass Product code
consists of:

1. Find all associations that have the same product code as the given one

2. If there are none, create a new association with a blank work result. If
there are associations, find one with the same type and region. If one is
found, recommend that association’s work result code. If none is found,
try and find the most similar association considering the type and region
of the current project.

3. After perfoming the recommendation, update the weigths for the associa-
tions.

When trying to find an association according to the project profile, the most
relevant attribute is the type of the project, and then the project’s region. Only
if there is more than one association to choose from, the weight comes into
play, and the algorithm recommends the heaviest association, since it indicates
a higher rate of correct recommendations.

As stated in Section ??, the item-to-item approach is the most appropriate
to this work. The project profile, defined by its type and region, as stated above,
is what was lacking from the presented systems.

4 Validation

The validation of this work is divided in two parts. The first part concerns the
recommendation algorithm itself, that is, the goal is to validate the accuracy of
the recommendations performed. The usability of the application was measured
with user tests followed by a satisfaction questionnaire.

4.1 Methodology

4.1.1 Validating the algorithm

The only way available to validate the algorithm was to provide several models
with Omniclass Product codes in common to the system and verify that the
recommended Omniclass Work Result codes match the known mappings pro-
vided. These mappings are described in Table ??. Only one model enriched
with Omniclass Product codes was provided for testing, so in order to have an
accurate validation of the algorithm sample models from Building Smart were
used 3. Since these files did not have Omniclass Product codes, they were in-
serted manually with the aid of ArchiCAD 4. Since these models were created
in another source, not all IfcObjects were available for editing, but at least all
of them had in common the object IfcCurtainWall, and so it was possible to
verify if the recommendations were accurate.

3http://www.nibs.org/?page=bsa commonbimfiles
4http://www.graphisoft.com/archicad/
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4.1.2 User satisfaction validation

In order to conclude whether the application is usable, user tests were conducted.
The test consisted of users performing a set of tasks while the time, number of
clicks and number of errors were recorded, and after that the users answered
a satisfaction questionnaire in order to assess several usability aspects of the
application.

The tasks to be performed by the user involved the creation of a profile and
two projects, uploading IFC to the projects, adding an Omniclass Work Result
code to the first project and observing the changes to the second one.

The usability criteria that was defined for the set of task is as follows:

• Efficiency - The average time to complete the tasks is lower than 4 minutes

• Effectiveness - The average number of errors performed during the com-
pletion of the tasks is lower than 3

• Accuracy - The average percentage of correct recommendations is higher
than 90%

The tests were conducted with 15 users with the majority of them with areas
of expertise between Science and Technology.

4.2 Results

4.2.1 Recommendation Algorithm

Figure 2 which shows the page for the second project added by the same user,
which has in common the IfcCurtainWall object, with the Omniclass Work
Result codes already filled in. Here, if the code is correct the user does not need
to do anything, and if the user wants a different code, it is only necessary to
change in the input field and validate. The validate option is only enable in case
of change in the input field.

4.2.2 User Satisfaction

In order to conclude if the usability criteria was achieved statistical calculations
were performed. From them it is possible to conclude that the average time is
within the confidence interval and it is possible to conclude with 95% confidence
that the number of errors will be lower than 3.

The results from the satisfaction questionnaire are available in the Appendix
?? and from them it is possible to conclude that in general the users found the
application easy to use and visually appealing. The suggestions for improve-
ments were mainly concerning the loading of the model, that is, to show some
kind of progress indication and also to add a search field in order to find the
codes more easily.
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Figure 2: Project page for the ClinicOPO project after adding the code in
HouseLx project. A - List of IfcbjectDefinition’s extracted from the IFC file,
showing the pre-filled field for the Omniclass Work Result, from a recommen-
dation based on previous projects.

5 Conclusions

This work explores the possibility of performing semantic enrichment on IFC
models with the aid of a recommender system, by first stating the need for
a tool to perform semantic enrichment due to IFC’s lack of semantic clarity.
This problem was analysed and discussed, firstly by describing the concepts
that are of the most importance to comprehend the scope of this work, namely
Building Information Models and Recommendation Algorithms. Secondly, the
most popular solutions for semantic enrichment in IFC were presented as well
as the most popular recommender systems. This was followed by a discussion
to conclude which solution was closer to solving the stated problem and if any
of them could be of use for the proposed solution. There was no space for doubt
that Amazon.com’s item-to-item correlation algorithm is where the inspiration
for the proposed solution relies.

The solution for the problem relies in developing a system to help with ac-
tivity planning on construction projects, since this task is one of the areas where
IFC’s lack of semantic clarity has most negative consequences. The system pro-
vides, also, a recommendation feature for the activities to be associated with
the IFC elements, in order to reduce the amount of time spent performing this
task as well as to avoid the repetition of work for similar projects. The sys-
tem uses the Omniclass Classification System, to match Omniclass Products to
Omniclass Work Results, this way semantically enriching the IFC model.

To validate this solution, two kinds of tests were performed. On one hand,
the algorithm was validated by providing the systems with different models with
IfcObjects in common and verifying that the Omniclass Work Result codes that
were recommended were the same for the different projects. On the other hand,
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usability tests were conducted to assess the usability of the application. The
users performed a set of tasks and answered a satisfaction questionnaire. The
results from both tests were satisfactory.
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