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The design structure matrix (DSM) method is a powerful network modelling tool to highlight the system architecture 

via presenting the interactions between the elements comprising a system. In DSM, measuring the interaction strength 

between elements is the first and crucial step. However, since the system elements are generally pre-identified by experts, 

their interaction relationships are often obtained from experts’ evaluation, which is time consuming and error-prone. To 

address this critical issue, in this paper, we aim to discover the hidden tasks of a process and their interactions from email 

logs with domain-specific contents. To this purpose, we have proposed a three-stage numerical DSM modeling approach, 

where text mining and clustering techniques are studied to discover hidden tasks. Furthermore, a metric concerning the 

measurement of interaction strength based on the overlapping time and the volume of exchanged information is present-

ed. A case study is provided based on the emails collected from a design project.
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the off-diagonal cells. These numbers indicate the 
degree of interaction between elements. Based on 
the application of DSM methods, several algo-
rithms have been explored, such as partitioning, 
sequencing, banding and clustering. However, the 
accuracy and efficiency of these DSM-related al-
gorithms depend greatly on the accuracy of inter-
action strength estimation. Hence, to identify and 
to measure interaction strength is often regarded 
the first and fundamental step for constructing a 
DSM model.

Conventionally, measuring interaction 
strength is mainly finished by domain experts. 
It is generally agreed that the reflection made by 
domain experts cannot cover every aspect of the 
process and it is indeed difficult to quantify the 
interactions between different process elements 
without a well-established IT system to record 
and track the details of task execution. Not to 
mention, collecting expert evaluation is time-con-
suming and is obviously constrained by the 
resource available. 

Another notable difficulty for DSM modeling 
is that in some situations event originators may 
not be able to reproduce the exact underlying 
process. For example, contrast to a business 
process which usually has a standardized work-
flow, design process can vary from time to time. 
Though engineers frequently repeat various 
design tasks, they may not have a comprehensive 
understanding about the interactions happened 
in the entire process. In this case, to automati-
cally restore the actual process has become much 
desirable in helping people paint a big picture and 
understand the task flow and progress. Nowadays, 
it is a norm that emails are widely used in project 
execution and management. This offers us a great 
opportunity to explore a systematic approach in 
exploiting such archived data and their logs for a 
better process understanding. 

To address above issues, this paper reports 
a novel modeling approach which aims to learn 
from email logs recorded by IT system to discover 
what have been done in the project, how they act 
and interact with each other, and their interaction 
strengths. Based on such knowledge gathered, it 
is our intention to automatically reproduce the 
actual process. Since the process model is directly 

inferred from project logs, researchers can obtain 
more insights from its process structure and dis-
cover bottlenecks or delays in actual executions. 
Our expectation is that the discovered model can 
assist engineers exploring more suitable plans 
and decisions that will raise the chance of project 
success.

This paper makes contributions to DSM 
paradigm by proposing an automatic approach 
to discover hidden tasks from email logs and by 
developing numerical DSMs to evaluate task in-
teraction strength and dependency strength based 
on overlapping time and information volume 
exchanged. The rest of this paper is organized as 
follows. In Section 2, we review DSM techniques. 
Section 3 details the proposed 3-stage DSM 
modeling approach. In Section 4, the proposed 
approach is tested using a full collection of emails 
collected from a design team. Section 5 concludes.

2.	Related Work
As a management tool, DSM provides a com-

pact and clear way to present the complex system 
and highlight the system architecture, including 
process architecture for modeling the dependency 
between tasks, product architecture for modeling 
the relationship between components composing 
a product, function architecture for representing 
para-metric interdependencies, and organization 
architecture for modeling the interaction be-
tween individuals or teams (Browning, 2001). One 
factor which may contribute to the popularity of 
DSM-based modeling approaches is its ability of 
revealing the hidden characteristics of the infor-
mation exchange patterns. In order to exploit the 
hidden characteristics, several algorithms have 
been developed, including partitioning (Kusiak et 
al., 1994; Pragaspathy and Falsafi, 2000), tearing 
(Zhao et al., 2001), banding and clustering (Li, 
2011). Partitioning is the process of transforming 
the DSM into a lower triangular matrix via reor-
dering the rows and columns. Unlike partitioning, 
tearing algorithms transform a DSM into lower 
triangular matrix via removing a set of feedback 
marks. Banding is the process of identifying in-
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1.	 Introduction
The design structure matrix (DSM) method pro-

posed by Steward (Steward, 1981) is a straightforward 
and flexible means to highlight the system architec-
ture by presenting a large number of system elements 
and their interactions in a compact way. Concluded 
from literature review, DSM analysis outstands itself 
in providing insights on how to manage complex sys-

tem and engineering changes, and revealing the char-
acteristics of their connected relationships. This is 
especially beneficial for today’s enterprises which are 
challenged by managing a large quantity of interfaces 
both between participants and activities in design, 
production and supply chain. 

How to measure the interaction strength between 
elements is a significant issue for DSM based model-
ling and analysis. In DSMs, the interactions between 
elements are presented by the marks (also known as 
binary interaction strength) or numerical numbers in 
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dependent tasks. Clustering algorithms attempt to discover 
the sub-components of a system by identifying subsets of 
elements with strong inter-connectivity and low external 
connectivity.

Measuring the dependencies is a fundamental and deci-
sive factor for DSM-based analysis. In binary DSMs (Avnet 
and Weigel, 2010; Tilstra et al., 2012), marks and empty cells 
are used to signify the existence or absence of a dependency 
between system elements. In this case, all the dependency 
strengths are weighted equally. Therefore, the binary DSMs 
lack the ability of distinguishing the strengths of different 
interactions. 

In order to distinguish the interaction level between 
different elements, the binary DSM has been extended 
in many ways. Level numbers are suggested to replace by 
simple binary marks (Steward, 1981). Level numbers reflect 
the importance rating of different interactions. Some ad-
vanced models use dependency strength to measure element 
interaction degree. Decimals between 0 and 1 are used to 
present the relative strength of dependencies. Besides, prob-

ability (Holtta-Otto et al., 2012), impact data (Browning and 
Eppinger, 2002), volume of information exchanged (Yanjun 
et al., 2011), overlapping time (Yang et al., 2013) are found 
as interaction measurements in existing literatures. Zhang 
measured the interaction strength based on the parameter 
relationship in tasks. Chen (Hanpeng et al., 2006) proposed 
a two-way comparison scheme using analytic hierarchy 
process. In the recent DSM-based models, the interaction 
strength can be vary depending on a comparison of the ac-
tual and desired states of the project (Levardy and Browning, 
2009).

Based on above researches, most of existing litera-
tures usually focus on algorithms or applications based on 
interaction strength, but only few literatures take attention 
to how to measure interaction strength. Furthermore, the 
interaction strength between system elements is usually ob-
tained from experts’ evaluation. However, the cognitive bias 
of experts may result in the introduction of significant error 
in the final result and DSM-based analysis. 

3.	Discovering Hidden Process 
Structure based on DSM

Figure 1 illustrates the framework of the proposed ap-
proach. Cooperate IT systems allow recording the exe-
cution footprints of actual process. In this paper, a set of 
emails collected from a design group are used as input. Text 
mining techniques and clustering methods are applied to 
extract tasks (or design activities) from email logs. Finally, 
interaction strength between tasks is estimated based on 
overlapping time and information volume exchanged, and 
presented in several numerical DSMs. For convenience, we 
firstly introduce the key data structures and notations used 
in this paper. 

Definition 1. (Process) A process P consists of a sequence 
of distinct workflow tasks. Let P = {T, O, IS}, where T is a set 
of tasks T = {T1, T2, ... , TN}, O represents the order in which 
all the tasks are executed, and IS indicates the interaction 
amongst tasks.

Definition 2. (Task) A task is an atomic unit of a process. 
A task is presented as T = { K, E }, where K = {k1, k2, ..., kk} is 
a set of keywords used to describe the information handled 
by T, and E = {E1, E2, ..., EE} is a sequence of events executed 
to complete T.

Definition 3. (Event) Event is the basic component com-
prising a task. In this paper, it is identified as an email thread 
(email reply chain) with the same subject. Let E = {P, KS, 
KC}, where P is a set of participants in charge of this event 
(in this paper, we ignore the resource aspect), KS and KC are 
two sets of keywords describing the information included in 
an event.

3.1 Extracting events through text mining

The chain of reply email provides the firsthand infor-
mation about the collaboration and interaction amongst 
people. An event is considered as an email thread (emails 
with the same subject) in this paper. Furthermore, each event 

FIGURE 1. Framework of proposed method

FIGURE 2. Workflow of event keywords extraction FIGURE 3. Illustration of hidden task discovery via HCA

is characterized by the information included in its subject 
and contents, and the included information is highlighted 
by a set of keywords. In this paper, only nouns appearing in 
email subject or email content are picked out as keywords. It 
is based on the assumption that nouns can provide more in-
formation about what are being discussed than other kinds 
of words, such as verbs, adjectives and so on. According to 
the location of the keywords, there are two kinds of key-
words, KSs the nouns from email subject and KCs the nouns 
from email contents. KSs reflects the originators’ intention 
or main idea for commencing a topic, while KCs reflects the 
actual discussed information which may diverge from the 
initial intention.

A serial of text mining algorithms are applied to select 
keywords from both email subject and email content, in-
cluding sentence detection, tokenization, and POS tagging. 
Figure 2 illustrates the workflow of event keywords extrac-
tion, where sentence detection aims to detect the longest 
white space trimmed character sequence between two 
punctuation marks, tokenization segments a sentence into 
tokens (or words), and POS tagging marks tokens with their 
corresponding word type based on the token itself and the 
context of the token, such as nouns, verb, adjective and so 
on. Finally we select nouns comprising KS and KC.

3.2 Discovering tasks via clustering

After the event has been extracted from email logs, 
the next step is to discover hidden tasks of process. In this 
paper, we assume that events with more similar informa-
tion are more likely to be involved in a same task. Thus, the 
event similarity is estimated based on KS and KC, where KSs 
covey the most relevant message that an originator intend 
to express, while KCs may include the information diverged 
from the intended subjects.

The similarity between two events is calculated as fol-
lows:
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where Wks and Wkc are the keyword weights which are quan-
tified by the frequency a keyword appearing in email subjects 
or contents respectively. For instance, Wks(i) means the frequen-
cy of a keyword appearing in event j’s subject. In Equation 2, 
ESS(i,j) is defined as the ratio of summed weights of common 
keywords of KS(i) and KS(j) to the total size of information con-
tained in both of them, aiming to quantify the event similarity 
from subject aspect of two events. Similarly, ECC(i,j) attempts 
to estimate the event similarity from the content aspect. Unlike 
ESS(i,j) and ECC(i,j), ESC (i,j) aims to quantify to what extent 
event j refers to the topic of event i. Finally, the event similarity 
is calculated as the linear combination of ESS, ECC and ESC 
weighted by Wss, Wcc and Wsc accordingly. In this paper, it is 
configured that Wss is larger than both Wcc and Wsc since KSs 
represent the initial intention of an originator and are consid-
ered of higher significance.

Based on the event similarity, the hierarchical cluster analy-
sis (HCA) is applied to cluster events into collaborative groups. 
Typically, HCA aims to classify one set of objects by taking the 
coupling values between them (event similarity of this paper) 
and yielding a tree which indicates the cluster structure, as 
shown in Figure 3. Events assigned into the same group are 
considered as working together to complete a common task. 
Hence, each cluster corresponds to a hidden task of the process. 
In addition, each task is named as the combination of the top 
2 frequent keywords of its component events. In this paper we 
put more focus on the interaction between tasks. Hence, the 
task execution sequence is simply considered as the order of 
their staring time.

3.3 Measuring interaction strength based on DSM

In this section, we extend the metric in (Yang et al., 2013), 
where the interaction strength is estimated based on the over-
lapping time. In this paper, we attempt to identify not only the 
interaction strength between tasks but also their dependence. 
Here, we assume that the longer the overlapping time of two 
tasks is and the bigger the volume of exchanged information 
is, the more communication and interaction are required to 
perform the overlapped tasks. On the contrary, sequential tasks 
require less communication and interaction, and the interac-
tion strength between sequential tasks is weak.

Based on the overlapping time and volume of exchanged 
information, the interaction strength between two tasks (i,j) 
can be calculated as follows:	

system. The project was hosted by the National University of 
Singapore. The participants primarily consist of six under-
graduate students and three professors from three engineer-
ing disciplines. Throughout the design project, participants 
exchanged their opinions and discussed their works via 
emailing parties concerned. They were required to always 
send a copy of any email correspondence to a specific com-
mon address. Finally, a set of 569 emails from March 2011 
to February 2013 are collected which collectively represent 
a design project from conceptualization to prototyping. All 
the emails are initially saved in a MS Outlook file and are 
converted to a single XML file.

4.2 Evaluation metric

The 3-stage DSM modelling approach is examined from 
two aspects, precision and effectiveness. Equation 11 formu-
lates the event precision of each task, measuring the propor-
tion of correctly clustered events for each hidden task, 

|⁄  (11) 

where, T is the list of discovered hidden tasks, ETi denotes 
the list of events comprising task Ti and is automatically 
discovered via clustering, and E’Ti is the list of events actually 
belonging to task Ti. Here, E’Ti is generated by manually pick-
ing out misclassified events and adding them into correct 
clusters based on the discovered results. 

Finally, for |T| discovered tasks, the average pre-
cision is calculated as the root mean squared pre-
cision of each task, as shown in Equation 12.	

|T|

∑  (12) 

Besides the precision, the effectiveness of the proposed 
method is evaluated by two questions:

ff Does the resulted tasks contain all the 
tasks known by participants?

ff Does the resulted data contain some knowledge 
that participants are unware of?

In order to answer the two questions, it is necessary to 
mannually inspect the resulted data with the help of domain 
experts or documents with releavnt domain content. In this 
case study, several documents about project planing were 
collected from the attachments of emails sent in the begin-
ning of the project and were referred to for evaluating the 
performance of the propsoed method. 

4.3 Results and discussion

The 3-stage DSM modelling approach is implemented 
in Java, with the help of Apache OpenNLP which is open 
source library for the processing of natural language text 
.The latest version of Apache OpenNLP is available at https://
opennlp.apache.org/cgi-bin/download.cgi. 

After applying the HCA algorithm on the extracted 
events, 20 clusters are generated, and seven clusters are 

found with a larger size than others. For the remaining 
clusters, it is observed that they are either missing events 
of the seven larger clusters or less relevant to the project. 
Therefore, we extract the tasks involved in these seven clus-
ters as the actual tasks implemented in real design process. 
For each cluster, its task is named according to the nouns 
mentioned most frequently in the email logs. Figure 4 lists 
the discovered tasks and the scheduled tasks found in the 
planning documents. According to Figure 4, it is observed 
that although the two lists differ in the number of tasks, 
most tasks in discovered tasks are able to be mapped into 
the tasks in scheduled tasks. Specifically, Concept Paper 
maps to Concept Design, Interesting Method maps to both 
Technical Design I and Technical Design II, and Traffic Data 
maps to Validation. Besides, it is worth to mention the two 
tasks that don’t appear in the list of scheduled tasks, IRB 
Application and ASME Paper. According the feedback of the 
project participants, both tasks are put forward halfway due 
to change of design environment. Overall, the discovered 
tasks are consistent with the feedback of the project partic-
ipants who explain that the traffic wave project is a faculty 
supported project. Moreover, besides the knowledge already 
known by participants, the proposed method is able to dis-
cover extra knowledge that participants may be unware of or 
don’t record in the design documents. 

We also compared the influence of the weights, i.e., Wss, 
Wcc and Wsc, in Equation 1, on the clustering result. Event 
precision of each task and their average precision when 
using different values for Wss, Wcc and Wsc are shown in 
Table 1. According to table 1, we found that email subject is 
of a higher significance than email content for discovering 
hidden tasks. This is concluded from the observation that 
utilizing subjects only (Wss = 1, Wcc = 0, Wsc = 0) or both 
(Wss = 0.8, Wcc = 0.1, Wsc = 0.1) results higher precision 
than utilizing contents only (Wss = 0, Wcc = 1, Wsc = 0). 
However, the combination of both (Wss = 0.8, Wcc = 0.1, 
Wsc = 0.1) results higher precision than using subjects only, 
which indicates that utilizing email contents is able to com-
plement the method utilizing email subjects only.

Figure 5 illustrates the interaction strength between 
seven core tasks when Wss = 0.8 ,Wcc = 0.1, Wsc = 0.1. The 
tasks are ordered according to their starting time. IS and 
RIS are calculated according to Equation 7 and Equation 
10 respectively. Each cell (i, j) in IS and RIS not only reflects 
the interaction strength between task i and task j, but also 
presents the degree that task i depends on task j. Therefore, 
the sum of each row of IS measures to what extent a task 
influences other tasks. On the contrary, the sum of each col-
umn estimates to what extend a task depends on other tasks. 
According to the IS matrix, it is observe that T1 is of greatest 
influence (2.293). It is natural that the first task plays a 
significant role in leading the entire project. However, it is 
interesting to discover that T3 is also of high influence even 
it was not initially scheduled at the beginning of this project. 
According to the content of the emails of T3, the following 
tasks cannot be commenced on time without T3.

 (1) 

∑ ∑ ∑  ⁄  (2) 

 = ∑ ∑ ∑  ⁄  (3) 

 = ∑ ∑  ⁄  (4) 

                                                              
⁄

 (5) 

 = ∑ ∑⁄         (6) 

 (7) 

In Equation 5, ts(i) and te(i) accordingly correspond to 
the starting time and ending time of a task. OR(i,j) is the 
overlapping ratio (OR) between task i and task j, which 
is defined as the ratio of overlapping time to the dura-
tions of task j. A long overlapping time will increase the 
probability of interaction and the dependence strength 
of task j on task i. In Equation 6, K(i) and K(j) correspond 
to the keyword sets of two compared tasks, consisting 
of the union sets of their events’ keywords. IV(i,j) is the 
relative volume of exchanged information from task i to 
task j. Here, the exchanged information is presented by 
ratio of the common keywords between task i and task j 
to the total size of task j. By combining the influence of 
overlapping time and information volume exchanged, 
IS(i,j) reflects the interaction and dependence strength of 
task j on task i.

In order to obtain the global relative interaction 
strength (RIS) between tasks, we calculate the relative 
interaction strength as follows: 

	

 (10) 

∑  (8) 

∑  (9) 

where RISc presents the local RIS in each column. 
Similarly, RISr presents the local RIS in each row. Finally, 
the global RIS is defined as the geometrical average of 
RISc and RISr. 

4.	Case Study
In order to test the proposed method, a case study of 

DSM modeling based on a design project was conduct-
ed. It is known that the design processes are generally 
characterized with terms such as “creative”, “innovative” 
and “iterative’, and require sufficient communication and 
coordination between activities and participants, which 
puts forward the significance of understating process 
structure for accelerating PD.

4.1 Experiment dataset

The case study was conducted in a student project 
which aims to design an Ants Transportation (AT) 
system to tackle the traffic wave problem in the highway 
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FIGURE 4. Comparison between scheduled tasks and discovered tasks

TABLE 1. The influence of Wss, Wcc and Wsc on clustering result. The names of T1-T7 are DCC Project, Concept Paper, IRB Application, Thesis 
Proposal, Interesting Method, Traffic Data and ASME Paper.

(Wss, Wcc, Wcc) T1 T2 T3 T4 T5 T6 T7 P@T

(0.8, 0.1, 0.1) 0.850 0.600 0.875 0.667 0.533 0.833 0.875 0.761

(0.6, 0.2, 0.2) 0.800 1.000 0.750 0.667 0.500 0.600 0.688 0.696

(1.0, 0.0, 0.0) 1.000 0.333 1.000 0.000 0.62 0.800 0.933 0.756

(0.0, 0.0, 1.0) 0.750 0.000 0.375 0.000 0.625 0.357 0.186 0.423

FIGURE 5. Interaction strength between hidden tasks

Unlike IS, RIS indicates the relative interaction strength 
between tasks. It is worth noticing that the cells located in 
lower triangular of RIS also represent the risk of rework. 
Take cell (5,3) for an example. According to the task starting 
time, T3 is commenced earlier than T5. However, there is a 
possibility of 0.248 that T4 needs the information from T5, 
which means that any change in T5 may cause rework of T4.

In conclusion, the feedback from reviewed participants 
demonstrates that the generated results uncover useful hid-
den characteristics or facts of actual process. The proposed 
method provides a straightforward, consistent and automat-
ic way to gain insight into the process structure.

5.	Conclusions
In this paper, we have proposed a 3-stage numerical DSM modelling approach to automatically discover hidden tasks 

of a design project and their interaction strengths from less-structured email logs. A case study is reported to show the 
performance of the proposed approach in terms of precision and effectiveness. The experimental results reveal that the 
proposed approach is able to provide an automatic and consistent way to discover process structure. Several aspects of the 
approach presented in this paper can be further improved since we only take advantage of email subject, email content and 
timestamps at this moment. In our future work, more information will be taken into account, such as participant, message 
importance, and more word types.

Scheduled Tasks Discovered Tasks

Concept Design DCC Project

Thesis Proposal Concept Paper

Technical Design I IRB Application

Technical Design II Thesis Proposal

Validation Interesting Method

Final Thesis Traffic Data

ASME Paper


