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Project planner should be aware of activity
dependencies to account for coordination efforts

Research domain Example

Complex projects with global teams Project Design in TeamPort Software
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We conduct workshop-based experiments to
collect real-time awareness and performance data

Research method (1/2) lllustrative
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Research method (2/2)
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Features are selected from collected data for
sequence and clustering analysis
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The “design walk” shows subject performance
during experiment

Outcome analysis

Q
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The “fingerprints” show subject’s attention
allocation segquences

Predictor analysis
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Bioinformatics use sequence similarity analyses to
detect genetic relations

Sequence analysis in bioinformatics

1.) Genetic codes in DNA sequences
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2.) Distance Matrix

3.) Hierarchical Clustering
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The Return Time Distribution in a mouse click
seqguence represents subject’s attention allocation

Feature calculation

TUT

Example

Example Sequence with alphabet size 4 > R ={A, B, C, D}

Return Time (A) Frequency
0 2
1 3
2 1
3 2

Distance between two sequences (i, j)

A/ BIA|A/B|IC/ DIAIDIA|/D|IB|BJ]A|C|A|A|D|C]|A

Y.(Return Time X Frequency)
Uy =

Y. Frequency

_0x2+1x3+2x1+3x2_

Ha = 2+3+1+2 =157

_ [EFrequency — )’
or = Y Frequency

2+3+1+2

— 2 _ 2 _ 2 _ 2
Py = \/z(ﬂir_“jr)2+2(air_ajr)2 o) = \/(2 L57)%4(3 — 1.57)*+(1 — 1.57)*+(2 — 1.57)
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Calculated feature distances are hierarchically

clustered with “neighbor-joining” method
Hierarchical clustering — predictor

Sequence-based Return Time Distribution (RTD)
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Example

n = 98 sequences

Group 01
Group 02
Group 03
Group 04
Group 05
Group 06
Group 07
Group 08
Group 09
. Group 10
Group 11
Group 12
Group 13
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Clustering needs to be compared to find predictor
and outcome correlation

Hierarchical clustering — outcome Example

Sequence-based Performance Impact (PI) n = 98 sequences
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Predictability is represented by similarity between
predictor and outcome clustering

Fowlkes-Mallows-Index (FMI)

FMI for randomized clusterings (baseline) Explanation

1.0 « FMlis a matching index that determines the

n = 98 sequences similarity of two hierarchical clusterings

o) —  FMI = 0: no similarity at all

0.8 : : :
é : — FMI = 1: identical clusterings
c
h 3 * FMIlis calculated over matching matrix (M =
% 06 3 [m;]) holding number of common items
- ' between it and jt" cluster of the two clustering
<§IE 0.4 * Rows and columns of M are summed up for
€ all possible numbers of clusters (k)
X
%I . m; = Ejfoimy; my =X my

02 el N :
o Yr e « Matching index B, is calculated

................. B, = Ty
0.0 kK™ [PrxQr
1 14 27 40 53 66 79 92 Tie = Nieq Doy My? —n
P, = £{=1 mi? —n

Number of clusters k
Qr = Z?:l mjz -n
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A good performance predictor Is larger than
similarity index baseline

Clustering similarity analysis

1.0 Null Case & 3 more vs. k n = 303 sequences
’ Mean(Null Case): 0.18795 = = Smooth(Null Case)
Mean(PI/RTD): 0.13706 = — Smooth(PI/RTD)
Mean(PL/P 1 0.13122
Mean(P/EF). 0.20835 | ——SMoOth(PL/PW)
——Smooth(PI//EF)
0.8

Return Time Distribution is
only a sufficient predictor for
small numbers of clusters

Fowlkes-Mallows-Index

0.2

0.0
26 39 50 100 150 200 250 300
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Sequence analysis shows that project planners

should focus on activity dependencies
Findings

High performing Project Design groups allocate their attention different

from low performing Project Design groups. Valid
High performing Project Design groups allocate their attention more to :

L : : ) : Valid
activities and dependencies than low performing Project Design groups.
High performing Project Design groups focus on the project architecture :

: ) Not valid

before making changes on the project model.
Project Design groups become aware of activity dependencies through :

: : ) Not valid
laying out the project architecture themselves.
High performing Project Design groups follow similar action patterns which Not tested

low performing Project Design groups do not follow.
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Our research approach is continuously enhanced
for global scalabllity
Key takeaways
» Activity dependencies have big impact in complex global projects
» Project designer benefit from visualization of dependencies in project planning software
* Awareness for activity dependencies increases design performance

» Research platform sensors in workshop-based experiments allow collection of data for
attention allocation, decision-making and design performance

e Sequence analysis is an appropriate method to analyze behavioral patterns

« Selection and clustering of the right data features leads to insights about successful
design patterns

Outlook
e Further attention allocation features could be considered for clustering analysis
 Decision-making data was collected but not entirely analyzed, yet

* Research platform allows to add further sensors and scalability of experiments
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