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Abstract. We develop techniques for mining labor records from a large
number of historical I'T consulting projects in order to discover clusters
of projects exhibiting similar resource usage over the project life-cycle.
The clustering results, together with domain expertise, are used to build
a meaningful project taxonomy that can be linked to project resource
requirements. Such a linkage is essential for project-based workforce de-
mand forecasting, a key input for more advanced workforce management
decision support. We formulate the problem as a sequence clustering
problem where each sequence represents a project and each observa-
tion in the sequence represents the weekly distribution of project labor
hours across job role categories. To solve the problem, we use a model-
based clustering algorithm based on explicit state duration left-right hid-
den semi-Markov models (HsMM) capable of handling high-dimensional,
sparse, and noisy Dirichlet-distributed observations and sequences of
widely varying lengths. We then present an approach for using the un-
derlying cluster models to estimate future staffing needs. The approach
is applied to a set of 250 I'T consulting projects and the results discussed.

1 Introduction

A good view into future resource needs is essential for driving profitability in
a service-oriented businesses [5]. Large projects typically require multiple re-
sources, each having different skills. The resource requirements are not static,
instead varying over the life of a project as it enters different phases. Both lack
of resources with the appropriate skills to carry out a project when needed as
well as over-supply of resources who are under-utilized result in loss of profits to
the business.

One approach to predicting future resource demands is to create a project
categorization scheme that links a set of project attributes captured in the early



stages of negotiations with a client to typical resource requirements over the
project life-cycle. In this paper, we present a model-based sequence clustering
algorithm useful for finding groups of projects showing similar resource require-
ments over the project life cycle, and show how the resulting groups can be used
to infer a project taxonomy. To automatically determine project groups, we use
a hidden semi-Markov model (HsMM)-based clustering algorithm. Higher-level
descriptions are associated with each cluster with the help of domain experts.
The models describing each cluster are used to form templates representing typ-
ical staffing requirements for the different project types. These templates can
then be used to generate forecasts of future staffing needs.

Three major contributions are given in this paper. First, we formalize the
problem of project taxonomy building for workforce management as a sequence
clustering problem. Second, we present a clustering algorithm that includes sev-
eral new advances over past attempts at sequence modeling and clustering [8,9,
1,4,12,11,7] to address challenges specific to the business problem. Third, we
outline the use of the cluster model results for project-based resource demand
forecasting. We demonstrate the effectiveness of the proposed approach on labor
claim data from IBM Global Business Services (GBS) consulting engagements.

The remainder of the paper is structured as follows. In Section 2, we motivate
formulation of the business problem as a sequence clustering problem and define
some notation. In Section 3, we present the HsMM-based sequence clustering
algorithm. In Section 4, we outline use of the cluster results for project-based
demand forecasting. Section 5 presents results of application to real data from
a set of IBM Global Business Services consulting projects. We conclude with a
discussion, in Section 6.

2 Taxonomy Building as a Sequence Clustering Problem

Fig. 1 shows a high level workflow for using historical project labor data for re-
source demand forecasting. We concentrate here on the initial steps, i.e. process-
ing and analyzing labor claim records to determine similarities between projects.
We formalize the model-based clustering problem as follows. Suppose we have
labor claim data for a set of m historical projects {Py, Pa, ..., Py} completed
by an organization, where the resources completing the labor are each labeled
according to an agreed upon job role categorization scheme. Let the total num-
ber of resource types available within the organization be D. A project P; has
a duration of T; (in weeks), and for each week j (relative to the starting week),
the proportion wvector representing the distribution of resources across job role
categories is specified by O;; € RP. Since resource distributions are repre-
sented as proportions, for each week i we have Eszl 0,,(k)=1, 0;;(k) € R,
where O; (k) (the k'™ component of the vector) denotes the observed propor-
tion of resource hours in job role category k in week j for project i¢. Thus
the full specification of a project P;, in terms of resource requirement dis-
tributions, is given by the sequence of proportion vectors, ordered by weeks:
P, =(0i1,0;2,...,0,1,), O;; € RP 1< j<T,. Since durations of projects
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Fig. 1. A high-level view of how the sequence clustering fits into overall workflow for
demand forecasting.

vary, T; take different values for different projects. Therefore each P; can be
thought of as a variable-length multivariate sequence. Given that there are m
such projects, we have a set of m multivariate sequences; we would like to find
those sequences that exhibit similar behavior. More formally, the problem is to
devise an algorithm for clustering variable-length multivariate sequences having
some specific characteristics. In particular, we seek a model-based sequence clus-
tering algorithm to capture the following characteristics of the business problem.

1. Projects are typically carried out in phases.

2. Temporal dependencies among project phases are common.

3. The observation vectors at each sequence time period represent proportions,
so appropriate statistical distributions are necessary for their modeling.

4. The proportion vectors may be sparse, i.e., only a small set of the resources
may be contributing to a project in a given week.

5. The number of clusters in the taxonomy is not known a priori.

6. There may be atypical weeks within projects, and atypical projects as a
whole, both of which should be treated as outliers.

We are interested in inferring statistical models for each cluster, so that the
resulting project taxonomy can be used to generate expected resource require-
ments given a selected project group. We call the model used to generate such
a forecast a staffing template.

Note that alternative data mining algorithms, such as decision trees or item-
set mining are not appropriate for this problem, as our objective is to group
sets of projects that have no explicit labeling. The next section presents the
HsMM-based sequence clustering algorithm.



3 HsMM-based Sequence Clustering

In this section, we provide motivation for the HsMM modeling choices used for
analysis.

1. Proportion vectors are defined on a (D — 1)-simplex, where D is the num-
ber of resources. Hence we use a Dirichlet distribution [6] for modeling the
observation vectors, a standard distribution for describing multivariate pro-
portion data. For x in the (D — 1)-simplex, the probability density function
(p.d.f.) for the D dimensional Dirichlet distribution is defined as

D
fa(z|b) = %b) fo(z)—17 z € RP, (1)
=1

where
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and I'(-) denotes the Gamma function.

2. Since phases within projects govern the resource requirements, we use a
first-order hidden Markov model (HMM) [8] to characterize a project’s tran-
sition through project phases over its life-cycle. An HMM is a finite-state
probabilistic model governed by first-order state transitions.

3. Since project phases typically occur in a sequence, with the same phase not
repeating itself, we restrict our model to (a) non-ergodic left-to-right HMMs,
(b) having strict start and end states, with (c) state skipping being disal-
lowed. These are essentially topological restrictions which yield a reasonable
simplification to the model, without loss of information.

4. Because project phase durations may not necessarily follow a geometric dis-
tribution, which is implicit for a first-order HMM, we employ HMMs with
state duration explicitly modeled by a Gamma distribution, allowing much
more flexibility in the state durations. With explicit duration modeling,
HMMs are no longer first-order models, and hence are referred to more accu-
rately as hidden semi-Markov models (HsMM) [3]. The p.d.f. of the Gamma
distribution is given by

B(b) (2)

—z/0

f(](‘rldjie) :m@b*lesz), T €R+. (3)

A schematic view of an N-state HsSMM as described above is shown in Fig. 1. For
clustering the project data under the assumption of an HsMM for each cluster,
we use a modified version of the algorithm proposed in [1], designed to address
challenges posed by the high dimensional, yet sparse, proportional nature of the
observations, and the presence of noise both within a sequence and for a set
of projects. The algorithm carries out model construction via robust estima-
tion of HsMM parameters, with the number of HsMM states inferred iteratively
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Fig. 2. The left-to-right HsMM topology used for sequence modeling. Symbol § denotes
state/phase duration, f(-) denotes the Dirichlet p.d.f., and ¢(-) denotes gamma p.d.f.

using the Bayesian Information Criteria (BIC). The number of clusters is also
automatically inferred using a modified BIC, referred to as partition BIC. The
steps in the main sequence clustering algorithm are shown in Table 1.

The proposed model-based clustering algorithm extends the work of [1], pri-
marily through additional focus on the modeling aspects of the work. The meth-
ods presented in [1] discretize the sequence data by performing an initial as-
signment of each observed time point to a state. An HMM model is then applied
to cluster the sequences of discretized data, rather than fitting a distribution to
directly characterize the observed vectors, as we have done here using a Dirich-
let distribution. Here, the characterization of each state by a parametric model
is useful for generation of staffing templates, as discussed in the next section.
However, parametric modeling necessitates the development of a dimension re-
duction procedure for estimating the Dirichlet distributions, as the number of
observation dimensions having non-zero proportions is typically small relative
to the total number of dimensions. We leave further discussion of the dimension
reduction technique to another paper. Lastly, we generalize the state duration
distribution to better reflect the characteristics of project durations in practice.

4 Resource Demand Forecasting based on Cluster Results

In order to use the cluster results for resource demand forecasting, it is nec-
essary to create a description of each cluster that reflects the typical resource
requirements and project phase durations for the projects in that cluster. A
straightforward way to obtain the typical resource distribution per phase for a
cluster is to aggregate the hours in each resource category across all projects in
the cluster for each identified project phase and compute the category distribu-
tion based on the total claimed hours for that phase. Note that this approach



Table 1. The proposed sequence clustering algorithm.

Assign all sequence to one cluster
Apply model construction to the one cluster
Compute partition_BIC
While partition BIC > old partition BIC
Compute mdividual cluster BIC values
Split the weakest cluster in two using hierarchical clustering
Apply model construction to the two new clusters
While membership change continues
Reassign each sequence to its most likely cluster
Apply model construction to get a new set of clusters
Re-compute partition_BIC
Use Monte Carlo simulation to get cluster likelihood thresholds
If a sequence has likkelihood less than the threshold for its cluster
Reject the sequence as noise/outlier
Apply a final model construction to each cluster

results in certain categories having very small, but non-zero, percentages be-
cause only a few projects in the cluster have hours claimed in that category for
a phase. Here, we take advantage of the models generated for each cluster by
using the estimated, reduced-dimension Dirichlet distributions for each state to
directly compute the mean resource distribution for each phase.

To obtain estimates of project phase duration, we distinguish between two
different scenarios. 1) Individual phase durations and resultant overall project
duration are estimated based on the mean calculated directly from the gamma
distribution for each corresponding state. 2) In the case the project duration is
specified a priori, for example, because of requirements from the customer, the
duration of each phase can be estimated by scaling the mean phase durations
generated in 1) by the fixed total project duration. Further discussion of template
generation from cluster results is given in in [2], where the focus is on project
clustering at the aggregate level, i.e., the problem of sequence clustering is not
addressed.

Once the statistical cluster analysis and template creation are complete, the
next challenge is to create an appropriate project taxonomy from the results. In
general, this can be accomplished using a two-step process. 1) For each cluster,
examine a set of project attributes (other than resource requirements) whose dis-
tribution of values suggests a name and description for each cluster. 2) Validate
and refine cluster taxonomy labels and class descriptions through discussions
with subject matter experts.

The objective of the first step is to identify unique characteristics represented
by each cluster. The predominant attribute values within a cluster serve to pro-
vide alternative characterizations of projects, enabling linkage of a project’s busi-
ness attributes and a project’s staffing requirements. In Step 2, domain experts
are used to validate the various project types to ensure that each discovered



project type is both meaningful, from a practitioner’s viewpoint, and distinct,
meaning that groups identified as statistically distinct in fact represent true
variations in resource distributions due to differences in the types of projects
implemented.

The staffing templates can be used for generating project-based demand fore-
casts through application of the following steps.

1. Select a label for a project opportunity from the created project taxonomy.

2. Compute the duration of each project phase, either using a predetermined
project duration or estimated project duration, as discussed above.

3. Estimate the number of project hours required for each project phase. This
estimate can come directly from expert opinion, or be based on an estab-
lished relationship between project revenue and project hours. For each
project grouping, such a relationship can be established for each project
phase through analysis of achieved revenue in each project phase relative to
total project hours worked in that phase for the set of historical projects
determined to group together. As for project durations, a typical percentage
of revenue achieved for each phase in a project can be established. Then,
regression analysis, for example, can be used to estimate a scaling factor to
translate revenue to hours for each phase of the new project. Typically, new
project opportunities have an expected revenue value associated with them
early in discussions with the client.

4. Distribute the expected hours per phase across the project job roles according
to the established Dirichlet distributions.

Estimated resource demands and their start/end dates are aggregated across
all project opportunities at a weekly level to achieve a total view of expected
resource requirements over a specific time interval.

5 Results on IBM Data

To test the efficacy of the proposed method, we initially conducted a number
of experiments on synthetic sequences and found the clustering results satisfac-
tory. Given our business goal, we then tested how well the algorithm was able to
produce meaningful resource-based project taxonomies for real project staffing
data. We applied the method to a set of 250 historical SAP-related IBM projects,
each lasting at least 10 weeks. SAP is an Enterprise Resource Planning appli-
cation; SAP-related engagements represent a large portion of IBM’s consulting
projects and are thought to contain fairly predictable types of tasks, making
their analysis easier. The resources on each project were labeled according to
their primary job role using an IBM-defined taxonomy of job roles. Sixty-six
different job roles were represented in these 250 projects, i.e., each observation
vector was of dimension n = 66. The dimension reduction component of our
algorithm selected seven out of these sixty-six job roles for explicit modeling,
plus an “other” category representing the aggregation of all remaining job roles.
Based on the iterative clustering algorithm given in Table 1, we obtained a set



of six project clusters. Fig. 3 shows the average percentage of resource hours
in each of the eight job role categories relative to the total resource hours for
the 250 projects. For each cluster, the graph shows estimates for each state in
the constructed models, where the number of states are chosen automatically as
part of modeling/clustering.

Roughly speaking, Cluster 1 can be said to represent projects consisting ini-
tially of Package Solution Integration Consultants (PSIC, Dimension 35) config-
uring and deploying particular SAP modules. In the second phase of the project,
additional resources having different job roles, including a Project Manager (PM,
Dimension 41) to coordinate the different activities and resources, are brought
in and the role of the PSIC is reduced. These other roles include Application
Developer (Dimension 4), Application Architecture (Dimension 2), Business De-
velopment Executive (Dimension 6), as well as Other. These types of projects
are typical of many SAP engagements conducted by GBS. In contrast, Cluster
2 represents more of an initial roadmap/blueprint type of project, in which a
project manager or partner is engaged as the primary resource in the initial
stage of the project, while resources with additional skills are brought in only in
the second phase, and the relative involvement of the PM is reduced substan-
tially. Similar interpretations can be made for the other clusters. In discussion
of these results with GBS domain experts, the identified clusters were found to
be reasonable and representative of typical SAP engagements.

To create an appropriate project taxonomy from the results, we examined the
distribution of additional project attributes (beyond resource distributions) for
projects in each cluster, as discussed in Section 4. Attributes examined included
the client’s business sector (e.g. Industrial, Distribution), the service area most
representative of the work (e.g., Customer Relationship Management, Supply
Chain Management), the business unit of the project manager, the expected
project revenue, the way the project was priced (e.g. Time and Materials, Fixed
Price), etc. Information on the nature of the different projects within a clus-
ter was also gleaned from the recorded project name and description. For the
projects studied, no clear relationships between project attributes and project
staffing requirements were readily apparent. Thus a summary of the observed
staffing requirements in each cluster was used to discuss the results with GBS
domain experts, who subsequently were able to relate the observed staffing pat-
terns to project type names typically used within GBS. For example, Cluster 2
projects consisting primarily of project management and application architect
were determined to represent the design phase of a project, commonly called a
Phase 1/Blueprint project.

We do not give an example here to show the creation of staffing templates
from these results and subsequent generation of staffing requirements for a newly
identified project. See [2] for a detailed example of how this was done for projects
clustered at an aggregate level.
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Fig. 3. The six clusters generated with the IBM GBS data. For each cluster, and for
each state, the mean values of proportions (Y-axis) for the significant resources (X-axis)
are shown, along with the mean state durations, calculated from parameter estimates.

6 Conclusions

A sequence clustering-based approach to building resource-based project tax-
onomies has been proposed, which handles noise, sparse high-dimensional ob-
servations, explicit state duration modeling, and lack of knowledge about the
number of states and clusters. The clustering algorithm has been applied to
IBM GBS project data, and the obtained clusters have been found to be reason-
able representations of project types based on resource engagements, making the
sequence clustering framework an attractive approach to taxonomy building.

The proposed sequence clustering approach is quite general, with potential
applications in a wide variety of other problem domains, including video se-
quencing, gene expression clustering [10], etc. For example, video shots can be
represented by allocations or proportions of a quantized color set. This way,
video shots can be represented by sequences of proportional vector, making our
Dirichlet-based sequence clustering algorithm appropriate. Moreover, data noise
and sparsity typically occur in such sequences as well. We leave application of
the technique to this and other applied problems for future work.
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