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The long history of A$reachinga new golden age

fAl Is the broad term used to describe the set of technologies that enable machines to
sense, comprehend, act and | earn.




We live in the Al momentum

G eneral Intelligen gy Nlarrow Purpose
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applied to any prfoblem Mmanaging a single,or
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Gen Al Impact on Cognitive Domains

Artificial Intelligence Generative Al
Predictive Analytics Reasoning
A Predictive and Prescriptive Models A Syntetic Data
A Forecasting models A Data Enhancement
A Predictive Manteinance A Code generation and migration

A Early Warning Defintion

Computer Vision Vision
A Predictive and Prescriptive Models Almage Generation
A Advanced Optical /intelligent Character AVideo Generation
Recognition A 3D environments and digital twins
AVideo Analytics

A Digital Signage & Authentication

Natural Language Processing Language Gen

AVirtual Assistant AVirtual Voices and identities

A Chatbot AVisual agents and search engines
A Expert System

A Text Analysis

Generative Al
AGenerativeAdversarialNetworks (GAN$: Two neuralnetworks,termedthe generator and the discriminatorhichcompeteagainsteachother to generateincreasinglybetter outputs.

Avariational Autoencoders(VAE$: Theseare usedto generatecomplexdata like images and music by learningeteodeinput datainto a compressedepresentationandthen decodeit back to theoriginal
format.
Aransformerbasedmodels SuchasGPT (Generativeretrained Transformer) for text and DAIH for imagesyhichuselayersof neuralnetworks toprocessnput data and generate outputs.




Gen Al momentum

Artificial Intelligence

Predictive Analytics

A Predictive and Prescriptive Models
A Forecasting models

A Predictive Manteinance

AEarly Warning Defintion

Computer Vision

A Predictive and Prescriptive Models
AAdvanced OCR/ICR

AVideo Analytics

ADigital Signage & Authentication

Natural Language Processing

AVirtual Assistant
A Chatbot

A Expert System
AText Analysis

Microsoft investment
in Open Al in 2023
(plus at least 3
Bilion in 2022)

Just invested by
Amazon in Anthropic
(2023, September)

New startup are

currently working on
Gen Al

Of all data might be

fully Al generared by
2025 (CEO Microsoft,

2023)




Gen Al momentum — Tech Landscape overview

OpenAl OpenAl Services available on public cloud provided by OpenAl, under subscription or not (e.g.

Public . :
https:/chat.openai/om
@ OpenAI ¥ ¥ F NVIDIA < arm

SpentN OpenAl Services available on the private cloud provided by OpenAl, under subscription.
rivate

On Prem On Edge

. . o _ _ 3rd Parties andhird Parties and
OpenAl OpenAl and MSFT Services in general availability on Microsoft Azure private cloud OpeBource OpeBource

@ Azure subscription. foundational foundational
models, suitableodels, suitable
for being for being
operated on aoperated on a

@G openAl ¥ Microsoft

Vj) proprietary  OrEdge devices
Google Google Generative Al (GEMINI), Bald (GEMINI pro) provided on Google Cloud Platforira¢BQ®R)ire -network.

Google CloudPlatform CEMAL hrivate subscription proprietary

foundation model
(Omniverse)

3rd Parties (e.g. Anthropic, Al21), Idpsvi BdXiideAL) or proprietary mod: Large Language Models (LLMYypesof artificial intelligence

AWS ) . : . :
amazon GenA| (Titan) supported on AWS Bedrock in private subscription. modelsthat are designedo understand generate, and
interactusinghumanlanguage Theyare built usingvast

amountsof text data and ard¢rained throughmachine
learning techniquepften specificallythroughtechniques
like deep learning and transformers.



What is Al potential of t

Banking

Insurance

Software & Platforms
Capital markets

Energy

Communications & Media
Retail

Industry Average

Health

Public Service

Aerospace & Defense
Automotive

High Tech

Travel

Utilities

Life Sciences

Industrial

Consumer Goods & Services
Chemicals

Natural Resources

Higher potential for
automation

S54% 12% 24%
48% 14% 26%
36% 21% 28%
40% 14% 29%
43% 9% 14%
26% 13% 20%
24% 6% 13%
24% 5% 14%
20% 5% 11%

Higher potential
for augmentation

Lower potential for augmentation
or automation

Data source: O*Net Analysis | US Department of Labor

- Non-language tasks

ransform

Office and Administrative Support
Sales and Related

Computer and Mathematical
Business and Financial Operations
Arts, Design, Entertainment, Sportl and Media
Life, Physical and Social Science
Architecture and Engeneering

Legal

Occupation Average

Management

Personal Care and Service
Healthcare Practioners and Technical
Community adn Social Service
Healthcare Support

Protective Service

Eeducational Instruction and Library
Food Preparation and Serving Related
Transportation and Material Moving
Construction and Extraction
Installation, Maintenance and Repair
Famring, Fishin and Forestry

Production

28%

26%

27%

21%

33%

31%

30%

29%

22%

29%

27%

29% bB%

15%
7%
8%

23% | 1%

25% |5%

23% 4% 7%

15% 4% 7%

16%

8%
14%
9%

0%

9%
8%
2% 8%

1%

20%

I Higher potential for automation

Lower potential for

augmentation or automation

17%

48%

45%

19%
24%

9%

9%

9%

9%

40%

26%

14%
14%

23%

26%
25%

25%

22%

31%
40%
59%
31%
23%

50%

60% B0%

L Higher potential

for augmentation

" No#language tasks

35%

ing labor?

58%

100%



Artificial Intelligence

|s the field of study

Machine Learning

Is @ branch of Al that focus on the creation of
intelligent machines that learn from data.
Another very well know branch inside Al is

Optimization.

Deep Learning

Is a subset of Machine Learning methods,
based on Artificial Neural Networks.

Examples: CNNs, RNNs

Generative Al

A type of ANNs that generate data that is
similar to the data it was trained on.
Examples: GANs, LLMs




MILANG 1863

Costanza Mariani
— pma

VI e n n a 15/07/2024 PROJEKT MANAGEMENT AUSTRIA




Artiticial Intelligence in the project management domain

ProjectPhase

Al Techniques

Potential Activities

Pre-ProjectPhase

Natural Language Processing (NLP)

- Requiremenigatheringthrough analysiof emails
anddocuments+ stakeholder

Predictive Analytics

- Feasibilityanalysisandinitial riskassessment

Machine Learning

- Decisionsupport for projectselectionbasedon
historicaldata.

- Predicting resource costs and requirements.

PlanningPhase

Machine Learning

- Resourcallocationoptimization

Simulation and Optimization Algorithms

- Scheduleoptimizationto minimizeduration and
maximizeresourceutilization.

Neural Networks

- Taskprioritization and dependencyanalysis

Generative Al

- Automaticgeneration of projectiocumentsand
planningartifacts.

Monitoring and Controlling Phase

Machine Learning

- Realtime risk management bgredictingpotential
Issuedbasedon ongoingdata.

NLP and Sentiment Analysis

- Monitoring teamcommunicationgor morale and
projectalignment

Computer Vision

- Quality controlthroughimagerecognitionin
constructionor manufacturing.

Predictive Analytics

- Performance forecasting toredictthe project
outcomesbasedon currenttrends.

Deep Learning

- Automatedprogress tracking ananomaly
detectionin projectmetrics

11



Artiticial Intelligence in the project management domain

The literature review analysis will be structured according to the different phases of a project's lite cycle.

@ Pre-project phase @ Planning phase @ Monitoring and controlling phase
The fists section will explore paper The second section of the literature The third part of the literature review
that deals with the applications of Al review will examine papers that will analyze papers that concentrates
to the pre-project phase involving focus on the applications of Artificial on the use of Artificial Intelligence
bidding and  project  portfolio Intelligence in the planning phase. during the project monitoring and
selection. control stage.

Initiate Plan Execute Monitor Close
and control



Artiticial Intelligence in the project management domain

Papers application domain

@ Pre-project phase

A Bi/No Bid decisions: (Sonmez and Sézgen, 2017) employ a Support Vector
Machine classifier in order to predict Oil & Gas projects bid/no bid
decisions

A Refine estimates during tender: (Cheng, Tsai and Sudjono, 2010): ANN to
achieve more precise estimates.

ASelect an optimal project to be included in a portfolio: (Costantino, Di
Gravio and Nonino, 2015) pinpoint projects’ KPI; Artificial Neural Network,
enabling the categorization of projects and ranking

A Optimizing project portfolio: (Relich & Pawlewski, 2017) assessing the
procedure for choosing portfolios of new product initiatives, that is optimal in
terms of risk balance and strategic objectives.

Title

Authors

Model Used

A novel R & D project portfolio
selection decision approach based
on fuzzy logic and heuristics
scheduling

(Danmei et al.,
2008)

Fuzzy logic 1n a
constraint guided
heuristic search
approach.

Using classification trees to predict
performance in Information
Technology projects

(Gemino, Sauer

and Reich,
2010)

Comparison between
regression, neural
networks, and
classification trees.

A new approach for selecting
portfolio of new product
development projects

(Wei and Chang,
2011)

Fuzzy set theory and
multi-criteria group
decision making

method into a NPD.
A hybrid fuzzy rule-based multi- (K. Khalili- Hybrid model: Data
criteria framework for sustainable Damghani et al., | Envelope Analysis

project portfolio selection

2013)

(DEA); Evolutionary
Algorithm (EA);
Genetic Based
Machine Learning

(GBML)
Project selection in project portfolio | (Costantino, Di | Artificial Neural
management: An artificial neural Gravio and Network (ANN)

network model based on critical
success factors

Nonino, 20135)

A fuzzy weighted average approach | (Relich and Fuzzy logic; Artificial
for selecting portfolio of new Pawlewski, Neural Network
product development projects 2017) (ANN)

A methodology for project portfolio | (Jafarzadeh, Quality Function
selection under criteria Akbari and Development (QFD),

prioritization, uncertainty, and
projects interdependency -
combination of fuzzy QFD and
DEA

Abedin, 2018)

fuzzy logic, and Data
Envelopment Analysis
(DEA)

Sustainability driven multi-criteria
project portfolio selection under
uncertain decision-making
environment

(Ma er al., 2020)

Fuzzy logic model
based on the
Technique for Order of
Preference

Table 1:Artificial Intelligence techniques applied to project portfolio selection

13



Artiticial Intelligence in the project management domain

@ Planning phase

A Project Scheduling: (Wang, Yu and Chan, 2012) who propose an ANN model
that predict project schedule using early planning status updates as the
model input, (Wauters and Vanhoucke, 2014) who employ a support vector
machine for forecasting projects’ duration in an early stage of the planning
project, based on the information available

A Project Budgeting: Prediction of both the size and timing of incoming cash

flows (Cheng, Hoang and Wu, 2015); (Cheng, Tsai and Sudjono, 2010) employ

: Machine Leaning with the purpose of improving the precision of conceptual

Papers application domain cost forecasting, enabling accurate costs estimations to be performed in the
early phases of a project

ARisk Assessment: Al used with 2 main objectives -> first goal is to minimize the
inherent subjectivity in expert evaluations, and the second is to account for
the complex interrelationships among various risks in the overall risk
assessment. (Islam et al., 2019) - Structural Equation Modeling for connection
between risks. (Yildiz et al,, 2014) - SVM for classifying risk impacts and
evaluate potential risk pathways

14



Artiticial Intelligence in the project management domain

@ Monitoring and controlling phase

A A substantial body of literature examines the possibility of applying Artificial
Intelligence to monitoring project progress during project execution. By
employing machine learning algorithms, Al can predict future project
outcomes and potential completion dates, empowering project managers to
anticipate challenges and take proactive measures.

A (Flyvbjerg et al., 2022): Using an unsupervised random forest approach, the
past projects grouped according to their project performance, assigning a
flag to projects with varying cash flow performances, ranging from the best
to the worst. Subsequently, using classification algorithms, the ongoing cash
flows of current projects are compared to the data from past projects.

A (Kamoona and Budayan, 2019) employ Deep Neural Networks for
forecasting the value of EAC during the early projects’ phases so to be able
to implement immediate corrective actions.

AOn the same line (Cheng et al, 2010) employ a support vector machine
algorithm to forecast EAC applying the proposed Al-based solution on data
derived from a construction project.

15
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|
|
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J

Paper Purpose Enabling Technology I Demonstration dataset

(z(g)?g’gqntlno, Di Gravio and Nonino, KPI Definition Artificial Neural Netwok | A leader EPC Italian constructor X
L

(Ko and Cheng, 2007) <Pl Definition Genetic algorithms + fuzzy logic + neullal | Model for prediction tested on a dataset that contains

networks )I

Overview of the
papers inculded in
the literature review
with an outline of
the demonstration
dataset employed.

tested the algortihm
in real empirical
setting nor
compared the
performance of Al
to that of the
methods employed
in companies

|
|
|
|
|
|
|
None of the papers I
|
|
|
|
|
|
|

54 construction projects

(Cheng, Hoang and Wu, 2015)

Cash Flow Forecasting

Adaptive Time-dependent Least Squarels
Support Vector Machine (LS-SVMAT)

Model tested on a database collected from a
construction contractor in Taipei

(Cheng, Tsai and Sudjono, 2010)

Budget Forecasting

Evolutionary fuzzy hybrid neural networl

Model tested in 5 construction projects in Taiwan

(Wauters and Vanhoucke, 2014)

Duration Forecasting

Support Vector Machine Regression

Computational experiment

< XX

(Cheng et al., 2010)

Estimate at Completion Forecasting

Fast messy genetic algorithm (fmGA) +
Support Vector Machine (SVM)
=Evolutionary Support Vector Machine
Inference Model (ESIM).

Model tested in an ongoing construction project

(Ko, Cheng and Wu, 2007)

Predict Subcontractor Performances

Fuzzy Neural Inference Model (EFNIM)

Tested in a general constructor

(Mancini, Mariani and C. M.
Manfredi, 2023)

Project Risks Assessment

Fuzzy Bayesian Belief Network (FBBN)
Canonical Model

A Nuclear Decommissioning Project

(Qaziet al., 2016)

Project Risks Assessment

Bayesian Belief Networks

Qualitative interviews to validate the model in
construction industry

X

(Chen and Zhang, 2013)

Project Scheduling and Staffing

Ant-Co Optimization algorithm

Software Project Scheduling

(Afzal et al., 2020)

Cost-Risk Contingency allocation

Fuzzy-AHP and simulation

Metropolitan transit projects

(Tabatabay and Tabatabay, 2021)

Optimization of Risk Response Strategies

Genetic Algortihm

Oil and Gas Projects

(Cheng and Yan, 2009)

Optimization of Resource Allocation

Messy genetic algorithms

Slab deck precast process in a construction project

(Chuanbin et al., 2021)

Optimization of Resource Allocation

Pigeon-inspired optimization (IPIO)

Multiple Scientific Research Projects

X}

(Peng and Liy, 2022)

Optimization of Resource Allocation

Inverse optimization + double-layer
nested genetic algorithm

Project of a criminal investigation business building i
Changsha City, Hunan Province

n

>

(Huang, Wang and Chen, 2010)

Optimization of Resource Allocation

Genetic Algorithms

Longkaikou Hydropower Station

i

(Colomo-Palacios et al., 2014)

Competence Gap Prediction

Artificial Neural Network (ANN)

Scrum SW development project

(Lin et al., 2015)

Knowledge Management

Multi-Agent System

Scrum SW development project

o



Our Research Projects - an overview




