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ABSTRACT
We examine several machine learning algorithms for assign-
ing job-categories to a large employee population based on
their online directory profiles and reporting structures. This
application is an important step in workforce management,
and also represents a challenging classification problem which
typically contains large-scale unbalanced data, i.e., the dis-
tribution of job categories is highly skewed. It also requires
combining local information, e.g., the textual description in
an employee’s webpage, with global structure, e.g., the re-
porting chain structure, in order to predict job categories.
We compare the performance of graphical models to sev-
eral classification and relational learning algorithms with
well-tuned features and show satisfactory accuracies on two
datasets of more than 20,000 IBM employees. We also ad-
dress some challenges that the graphical models face when
applied to large-scale data.

1. INTRODUCTION
A common task in corporate workforce management is the

assignment of employees to different job-categories including
for instance Project Manager, Consultant, or IT Specialist.
Employees within a job category are expected to demon-
strate some level of expertise in a set of skills specific to the
job category.

The identification and classification of employee skills is
an increasingly important activity in large companies today
for several reasons. More than ever, innovative companies
are driving rapidly-changing strategic objectives, and this
pace of change requires ongoing identification and prioritiza-
tion of key skills and job roles. From a tactical perspective,
companies that deliver consulting and technology services
require clear views into the availability of specific skills re-
quired to staff expected near-term engagements. Corporate
mergers and acquisitions, as well as large outsourcing agree-
ments, can result in the transfer of a very large number
of employees whose skill and job roles must be integrated
into the parent company’s job-skill taxonomy. Assignment
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of job category labels can be largely manual, guided by
management input and by the broad responsibilities of the
employee’s immediate organizational group. Given the im-
portance of these classifications, and the potentially large
number of employees involved, it is useful to investigate au-
tomated approaches to this classification problem.

In this paper, we examine several machine learning models
for job-category classification using data obtained from on-
line employee directories. These data include organizational
reporting structures as well as information provided by em-
ployees about their own job responsibilities. The models are
trained using examples with known class labels taken as one
of 21 distinct job-category labels. The problem represents a
challenging classification task for several reasons:

1. the available textual information is very limited since
most people do not provide (or update) a detailed de-
scription of their job responsibilities;

2. the population of employees can potentially be very
large;

3. relevant information can come from different sources;

4. the distribution over different job categories is skewed
- in our application about 80% employees fall into a
few dominant classes.

Graphical models are a family of probability distribution
defined over graphs, in which the nodes represent the vari-
ables and the edges represent the dependency relations be-
tween the variables [11]. In recent years, graphical models
have been successfully applied to model complex relations
in various applications, such as natural language process-
ing, computer vision, and computational biology [10, 2, 6,
16]. With the vast increase in the amount of data available,
a natural next step for data mining research is to examine
the scalability and effectiveness of graphical models for large
domains with complex multi-sourced data.

Given its power to capture complex relations between enti-
ties, we explore a graphical model approach for job category
prediction by integrating the employee’s own information
with others via the reporting trees. We propose an empirical
strategy to improve the scalability by breaking the dataset
into smaller subsets. We also compare the graphical mod-
els to other relational learning methods, including stacked
models, FOIL, and ACORA, as well as several non-relational
machine learning approaches, such as Support Vector Ma-
chines, Naive Bayes, and Maximum Entropy, with differ-
ent feature sets. We observe that graphical models with



standard features perform competitively with non-relational
models trained on well-turned features.

An additional contribution of this paper is the formula-
tion of a graphical model tailored to the analysis of a large,
unstructured data set drawn from workforce management.
In particular, we strive to answer the following questions:
Are there any efficient algorithms that can scale the graph-
ical models for this large-scale application? Compared with
other more efficient options, such as simple classifiers and
stacking, will graphical models have superior advantages in
terms of prediction power?

The remainder of the paper is organized as follows: Sec-
tion 2 reviews previous related work. In Section 3, we de-
scribe the specific job classification task in more detail, in-
cluding a description of the available data. Sections 4 and 5
describe our methods and experimental results, respectively.
We conclude with a summary of the work and suggestions
for future work in Section 6.

2. RELATED WORK
Large-scale datasets, i.e., the datasets with a large num-

ber of training examples or attributes, are extremely com-
mon in nowadays modeling applications. For example, in
web mining there are hundreds of millions of webpages avail-
able on the internet and they are still increasing dramat-
ically; the Netflix competition involves the movie review
records of half-million users [30]; in bioinformatics, we face
the challenges to sequence, search and analyze hundreds of
thousands proteins from different species and families [31].
One of the major bottlenecks in attacking these large-scale
applications is the computational complexity involved with
many of the more powerful machine learning algorithms.
Previously, there have been several approaches developed or
having the nature for large-scale learning tasks, including:
(1) on-line learning algorithms [7]; (2) dimension reduction
via singular value decomposition or sampling [14, 15]; (3)
building effective data structures, such as KD-tree or R-tree,
to reduce search space [17]; (4) fast optimization algorithms
[4, 9].

Scaling of graphical models usually has multiple dimen-
sions: on one hand, it could refer to the large number of
training or testing examples. This issue can be alleviated
via reasonable sampling. On the other hand, it can also
imply a potentially large number of nodes in the concerned
graph. For example, in the Netflix competition [25], the
user-movie-review graph will have millions of nodes, which
leads to huge complexity if a graphical model is applied. We
are currently not aware of serious attempts to scale graphical
models and make them more widely applicable.

3. TASK DESCRIPTION
Like most large companies today, IBM maintains an online

directory consisting of profiles for all employees. Known
internally as “Blue Pages”, this directory contains the usual
contact information, as well as other sources of information
relevant to the task of inferring the job-classification label
for each employee. These data include

1. the name of the employee’s department (e.g. “Predic-
tive Modeling”),

2. a relatively short, employee-entered description of the
employee’s job responsibilities (e.g. “Research in ma-
chine learning and data mining”),

Figure 1: The reporting structure

Figure 2: A challenging example

3. a separate section where an employee can provide a
longer description of their experience, however this sec-
tion is typically completed by only a small fraction of
employees,

4. the organizational reporting tree, including links to the
profile for each manager above the employee in the or-
ganization tree and also a list of peers of this employee.

Hence, we have profiles for each employee, for all managers
in the reporting structure above them, and for each of their
peers. Figure 1 shows an example of a Blue Pages reporting
structure.

In order to achieve effective people management, each em-
ployee in IBM is assigned to a job category by human re-
sources – in our data, there are 21 unique job-category la-
bels. Figure 3 shows the distribution of these labels for one
of our datasets described in detail in Section 5. Note that the
3 most common labels, “Consultant”, “IT Specialist”, and
“Project Management” account for over 80% of the popula-



Figure 3: The distribution of job categories

tion1. Our goal is to automatically predict the job category
label for each employee using the employee profile informa-
tion.

The job category prediction problem is more challenging
than a simple classification task. For example, Figure 2
illustrates a practical obstacle encountered in this specific
application. The correct label for this employee is “IT Spe-
cialist”, yet the description provided by the employee in-
cludes the terms “Consultant”, “Architect”, and “Project
Manager” which are very similar to other labels. One expla-
nation may be that the job-category label is out of date, and
does not reflect the employee’s current responsibilities. An-
other possibility is that this employee has a different view of
his responsibilities than implied by the label. In any event,
this issue introduces some uncertain labels into the process.

4. METHODS
From the data mining perspective, job category predic-

tion is a classification problem with relational descriptors
between examples. It is therefore structurally similar to
many other domains, such as webpage classification with
hyperlinks, gene function prediction with regulatory net-
works, and expert finder with social networks. Numerous
approaches have been proposed for such setting:

1. We can treat it as a simple classification problem. Sim-
ilar to text classification, we can convert the textual
features into vectors using the “bag-of-words” repre-
sentation and feed them into classifiers;

2. We can cast the task as a multi-view learning problem:
for one employee, there are two disjoint sub-sets of
features (or views), i.e. the employees’ profiles as well
as their managers’ profiles. Therefore the multi-view
learning algorithm can be applied if we assume each
feature is sufficient to learn the job category;

3. We can also approach the task as a stacking problem:
the reporting tree provides rich information about the
relationships between employees, including their job
categories. A computational efficient way to make use

1This distribution is for a specific sample of IBM employees
and is not indicative of the complete IBM employee popu-
lation.

of these relations is stacking, i.e., generating additional
“local” features, such as the predicted labels from their
managers or peers, and incorporating them into the
models;

4. We can use general relational modeling approaches
that explore the relationships between employees au-
tomatically and incorporate all available information
including the textual information of both employees
and managers/colleagues. There are only few rela-
tional learning algorithms that are both suitable for
text classification and are sufficiently scalable for this
domain including FOIL[23] and ACORA[22];

5. Finally, we can solve the problem using graphical mod-
els: we construct a graph with the nodes representing
the employees and the edges denoting their reporting
structures so that the “global” relations between em-
ployees can be captured. There are two variables as-
sociated with each node: the job category, either ob-
served or to be inferred, and the employees profile fea-
tures. Using the inferencing algorithms, we can predict
the job category for unlabeled employees.

As we can see, these five methods progress from simple clas-
sifiers without modeling any dependencies between employ-
ees to graphical models that can capture the information
within whole reporting trees.

4.1 Simple Classifiers
We are using a bag-of-word representation for the sim-

ple classification models. The basic bag-of-word feature set
contains only the textual information available in the em-
ployee profile. An enriched bag-of-word feature set contains
textual information from both the employee’s and his man-
ager’s profiles. Here we consider different vocabularies for
employees and managers, i.e., if the word “business” ap-
pears both in the employee’s and the manager’s webpage, it
is considered as different words.

We consider Support Vector Machines (SVMs), Naive Bayes,
Maximum Entropy, and boosted Decision Trees. Support
vector machines are discriminative classifiers that simulta-
neously minimize the empirical classification error and max-
imize the geometric margin [27]. SVMs have been very suc-
cessful in many applications and are chosen as one of the



baselines in our approach. Naive Bayes (NB) is a proba-
bilistic classifier based on Bayesian theorem with naive in-
dependence assumptions [18]. It often works well in many
real-world applications and is particularly suited for text
data. Maximum Entropy (MaxEnt) models have been suc-
cessfully applied to many fields, e.g., computer vision and
natural language processing [24]. We apply MaxEnt to our
job category prediction task since it can be seen as a coun-
terpart of undirected graphical models without modeling the
dependencies between examples. A Decision Tree is another
popular classification algorithm in data mining, which uses
information gain to find predictive input attributes and can
generate concise and meaningful models. As is often done,
we also apply AdaBoost algorithm to Decision Tree to im-
prove the performance. Some classifiers, e.g., SVMs, are
defined as binary classifiers. We use the one-vs-all strategy
to build a multi-class classifier.

4.2 Multi-view Learning
In addition to the employee profiles, the manager profiles

are often informative about the job categories. For example,
a manager whose job descriptions include “research on data
mining” is most likely to manage people labeled as “research
and development” instead of “sales” and “supply chain”.
Thus we can make use of two feature sets, i.e. employee
profiles and manager profiles, and apply multi-view learning
algorithms.

From labeling perspective, it is costly and time-consuming
to assign the job labels to every new employee, especially
when the company acquires a new sub-company and differ-
ent terminologies are used. How to effectively use the labeled
and unlabeled data is therefore of great interest for our task.
We apply the multi-view learning (also known as co-training
learning) algorithm as a way to explore both the multi-view
learning and semi-supervised learning [3]. In particular, we
are interested in answering the following questions: Does
multi-view learning work for job category prediction? How
many labeled training data are required to achieve a reason-
able performance?

There are multiple versions of multi-view learning. We
use the transductive version. The algorithm is described in
Figure 4. Notice that our task is a multi-class classifica-
tion problem. We can either convert it into several binary
classification problems and run the multi-view learning iter-
ations for each subproblem, or put the iteration outside [8].
We choose the latter approach and select the examples with

Input:labeled set L = {xL, y}, unlabeled set U = {xU}
Output: labeled set L′ = L ∪ {xU , ŷU}
Loop until U = ∅ :

1. Train classifier C1 on set L with employees’ profile.

2. Train classifier C2 on set L with managers profile.

3. Allow C1 to label p examples with the highest confi-
dence scores from U .

4. Allow C2 to label p examples with the highest confi-
dence scores from U .

5. Add these self-labeled examples to L.

Figure 4: Multi-View Learning Algorithm

highest prediction confidence into the active labeled set.

4.3 Stacked Models
Besides the information from the manager, there is also

rich information among peer workers. Considering the job
category distribution among peers, it is natural to assume
that a given employee is very likely to have a similar job
category as his peers. Hence, the job category distribution
among peers would be a useful feature. To estimate this
distribution, we need to estimate the missing job categories
first.

Though learning methods usually produce reasonably well-
calibrated probability estimates on unseen test data, their
estimates on training data are biased. Thus, to obtain the
“predictions” for each training example x, we apply stack-
ing [29, 12, 28, 1], a meta-learning scheme based on cross-
validation. In other words, we first run the simple classifica-
tion model and use cross-validation to obtain the predicted
job categories, as show in Figure 5. Then given the predicted
job category for each example, the job category distribution
of peer workers r(y′) is estimated and added to enrich the
feature vector for each example, i.e., x′ = (x, r(y′)). Finally
we train a model with the expanded feature set. The pro-
cess is similar in the testing phase. For the testing set T , we
apply the model trained with {x, y} to obtain intermediate
predictions over T , expand T to T ′, and apply the model
trained with {x′, y} to T ′ for the final prediction.

Given a training set D = {x, y} and a base learner A, con-
struct cross-validated predictions ŷ for x ∈ D as follows:

1. Split D into J equal-sized disjoint subsets D1...DJ .

2. For j = 1...J , let fj = A(D−Dj), i.e., train a classifier
fj for j = 1...J , based all the data from D except the
subset Dj .

3. For x ∈ Dj , ŷ = fj(x), i.e., for data in Dj , apply the
classifier fj to obtain its prediction.

Figure 5: A cross-validation-like technique to obtain
predictions in stacked models

The stacking performances are often similar to the ones of
relational graphical models, especially when the estimated
r(y′) can provide enough information about the dependen-
cies among data. Compared with other relational learning
approaches, stacking is easy to implement, efficient to com-
pute, and flexible in feature construction since they can be
built upon any classification algorithms.

4.4 Relational Models
Relational learning aims generally at modeling complex

domains with interdependencies between entities of poten-
tially different types. The job-classification domain can be
represented in this framework by 4 relations: Job(Person,
Label), Department(Person, Word), ManagerOf(Person, Per-
son), Description(Person, Word).

Motivated by the original work on inductive inference in
first order logic, FOIL[23] became one of the most widely
used, scalable, and successful relational learner. FOIL is
an extension of sequential-covering that learns a set of first
order rules where each rule is a Horn clause that can contain
negated literals but no function symbols. It has been applied
successfully to relational text classification on a number of



Consultant(A) :- Manager(A,B), Description(B,’Supply’)
Consultant(A) :- Manager(A,B), Descrip-
tion(B,’Consultant’), Description(A,’Consultant’), Man-
ager(D,B), Description(D,’Consultant’), A<>D.
Consultant(A) :- Manager(A,B), Description(B,’Partner’),
Description(A,’Partner’), Department(A,’Business’), De-
scription(B,’Business’).

Figure 6: A set of FOIL generated rules to predict
Consultant based on managerial relationships and
job descriptions.

domains [5, 32]. An example of a set of FOIL rules to predict
the Consultant category is shown in Figure 6.

One of FOIL’s limitations is the binary classification set-
ting. While it is possible to setup a multi-class learning
problem, it is impossible to enforce that every test exam-
ple is assigned to exactly one class. We therefore only in-
clude results for FOIL on a single binary comparison against
ACORA, a statistical relational learning algorithm which
construct propositional features from the originally relational
representation. The idea is fundamentally similar to the
stacked approach, except that the feature construction is
automated and does not rely on additional domain knowl-
edge beyond the data schema. We chose ACORA[22] as
an example of such an algorithm for its scalability and ef-
fectiveness in dealing with high-dimensional feature spaces.
ACORA uses breadth-first-search to explore the relational
domain structure and uses a combination of vector distances
and naive Bayes to compress the relational information into
propositional features. It has been successfully applied on a
number of large and high-dimensional domains [22] includ-
ing winning the ILP challenge 2005 [21].

4.5 Graphical Models
Graphical models are a powerful computational tool to

represent and analyze complex statistical dependencies with
graphs. In graphical models, nodes represent random vari-
ables, and edges represent conditional dependencies. Graph-
ical models define a joint probability distribution over all the
variables as a product of the local functions at the nodes of
the graph and inference queries are answered by marginal-
ization.

The job category classification can be formulated as an in-
ference problem over a graphical model, in which the nodes
denote individual employees and the edges represent the “re-
porting to” relationships. We build an undirected graphical
model, i.e., a Markov network, with each node associated
with observed bag-of-word features based on the employee’s
profiles and hidden labels for the job categories (see Fig-
ure 7(A)). The potential function Φ, is defined to include
the bag-of-word features in connected nodes. Following the
idea of conditional random fields [13] and discriminative re-
lational Markov networks [26], we have the conditional prob-
ability of the labels given the observation as follows:

P (Y1, . . . , Yn|x1, . . . ,xn)

=
1

Z

n∏
i=1

Φ(x1, . . . ,xn, yi)Φ(x1, . . . ,xn, yi, y
↑
i )

=
1

Z
exp(

n∑
i=1

K∑
k=1

λkfk(x1, . . . ,xn, yi, y
↑
i )),

Figure 7: (A) Graphical model representation of our

model for job category prediction: X and some of Y are

observed variables (shaded nodes). (B) Example of sub-

graphs with 3 nodes

in which y↑i represent the neighbor of yi on the upper depth
of the reporting tree, i.e. the manager of yi; fk are the
features defined over the pair of labels and the observations.
We further factorize fk as

fk(x1, . . . ,xn, yi, y
↑
i ) = f ′k(xi,x

↑
i )δ(〈yi, y

↑
i 〉, 〈y, y′〉),

where δ is the indicator function and 〈y, y′〉 is the pair of la-
bel values. λk is the feature weight, which is usually learned
by maximizing the likelihood of the training data. We do
not have a fully labeled set on the whole graph to learn the
parameters. Therefore we use an alternative estimation that
trains one simple logistic regression using the labeled data
by assuming each pair of employee and manager as indepen-
dent and then use the corresponding learned weights in the
graphical models.

To predict the labels for each node in the graph, we use
the marginal probability, i.e.

ỹi = argmax
y

P (Yi = y|x1, . . . ,xn).

The marginal probability can be estimated using Belief Prop-
agation (BP), given that our graph topology is simply a tree
[20]. The algorithm maintains a message mj,i(yi) from node
yj to node yi. The update from yj to yi is given by:

mj,i(yi)←
∑
yj

Φ(x, yj)Φ(x, yi, yj)
∏

k∈N (j)/i

mk,j(yj),

where N (j) is the neighbor of node yj . Given the message
vector m, the marginal probability can be computed as

p(yi)←
1

Z′
1

Φ(x, yi)
∏

j∈N (i)

mj,i(xi),

where Z′
1 is the local normalization term over node yi.

One practical difficulty of applying graphical models is
the computational expense and the scale of the graph that
can be handled. In our practice, the implemented Markov
networks can process a graph with about 300 nodes at a
time. To handle the computational constraints, we split
the original reporting tree into sub-trees empirically, i.e.,
we only allow to cut the edge from a non-leaf node to its
manager, so as to keep the peers in one sub-graph (see Figure



7(B)). Borrowing the idea of generalized belief propagation
[33], we first run belief propagation on each subtree, then
update the messages between the nodes where an edge was
cut, and run BP again to pass the new information to other
nodes in the subgraph.

5. EMPIRICAL RESULTS
Given the scaling concerns for some of the algorithms,

we conduct the experiments on three different subsets of
the IBM employee population. The main comparison of all
approaches discussed in Section 4 will be demonstrated on
a data set with all employees of a single IBM Subdivision,
which contains 20,320 US employees labeled with one of the
21 categories. It includes both the employee profiles of the
whole population in that division and label information as
well as the reporting chain, i.e., for each employee there are
labels of the employee’s manager and peers.

To gain insights about the effect of data properties on
the performance of different approaches, i.e., sample size,
sample population and features, we prepared two additional
random subsets: a Small Sample, which contains 979 exam-
ples randomly selected from whole US employee population,
maintaining the original ratio of the 21 different job cate-
gories; and a Large Sample, which includes 27,626 examples
that were selected based on the employment year, i.e before
a particular year cut-off. Since the samples are drawn in-
dependent of the hierarchy, the job categories for managers
and peers may not available in general.

The distribution of the job categories are skewed in all
three sets, For example, in the Subdivision set, there are
21 job categories yet about 80% employees fall into the 3
dominant classes. Figure 3 shows the distribution of the job
categories in the large sample. All the experiment results
are reported in prediction accuracy across all 21 categories
on 10-fold cross-validation.

5.1 Models and Feature sets
Knowing that the domain is inherently relational, it would

be a rather unfair comparison if we limit the simple classifi-
cation model only to the immediately available local profile
of an employee. It is always within the liberty of the mod-
eler to construct additional features. We therefore consider
the different approaches under slight variations of the fea-
ture set, which we group as:

F1: employee profile;
F2: profile of employee’s manager;
F3: explicit managerial chain (names of managers);
F4: profiles of linked peers;
F5: job categories of linked peers.

For simple classification models, two feature sets are
examined: one is a base feature set with “bag-of-word” rep-
resentation containing only information from the employee
profiles F1; the other is an enriched feature set with bag-
of-word features from both the employee and the manager
profiles F1,2. We focus initially on the best algorithm Maxi-
mum Entropy and consider the performances of other simple
classifiers in Section 5.3.

In the multi-view learning, we use the bag-of-word fea-
tures F1 from the employee’s profiles and the manager pro-
files F2 as the two independent views.

For stacking we use the features F1 and F2. The differ-

ence between the two variants of stacking is whether to use
the known training labels F5 whenever available or always
use the predicted labels, whether known or not.

Finally, the relational learning approach ACORA uti-
lizes the specific position of an employee in the organization
via the manager name F3 in addition to the features F1, F2.
Provided the search depth is sufficient, ACORA can even in-
clude F4 and F5. However, given the significant increase in
runtime and the limited improvement in initial experiments
we limit ACORA to F1, F2, F3. In [22] we provide an expla-
nation that identifiers, such as manager names, can act as a
Markov boundary and once accounted for, decrease the ad-
ditional value of additional features. Since FOIL is limited
to non-recursive clauses it will only consider F1, F2, F3, F4.

Beyond the feature space, another worthwhile distinction
between the approaches is the scope of inference: stacked
models and relational learning models are able to capture
only the local dependencies while graphical models can use
belief propagation to capture global dependencies. We there-
fore consider that the graphical models have access to the
complete feature set F1, F2, F4, F5.

5.2 Main Comparison: IBM Subdivision
The Subdivision data provides a complete relational set

that can be represented via a tree, considering the employee
as nodes and reporting chains as edges. This data set serves
as a good representative for our motivating applications,
since corporate mergers and acquisitions usually result in
the transfer of employees into existing divisions (where the
labels of most population is available) and the labels for
the transferred employees are desired. We examine all the
approaches discussed in previous section on this dataset.

Table 1 shows the performance achieved by the different
approaches with varying feature sets. We observe:

1. With well-tuned features, simple classification models
can achieve very satisfactory accuracies. In particular,
once we include information about the manager profile
F2, the best performance of simple classifiers is close
to other more sophisticated approaches.

2. Multi-view learning is remarkably bad. It is even worse
than the simple classifier on the local features. We in-
vestigate this artifact further in Section 5.3. The main
reason for the comparatively poor performance is the
relatively larger size of the data. Multi-view learning
is helpful only when there are few labeled examples,
which does not hold in our task. For the same reason,

Table 1: Comparison of performance and feature
sets for different approaches. ?, 4 and � represent
different performance levels based on significance
tests: i.e. ? for the best performer, 4 for the second
performance level, and � for the third.
Algorithms Accuracy Features
Simple classifier � 76.5 F1

Simple classifiers, enriched 4 82.6 F1,2

Multi-view learning � 73.9 F1,2

Stacking 4 82.9 F1,2

Stacking with Labels ? 84.5 F1,2,5

Relational learning (ACORA) 4 82.1 F1,2,3

Graphical Models 4 83.1 F1,2,4



we will not run multi-view learner on other feature
sets.

3. The stacked models on F1, F2 are comparable to the
simple classifiers with enriched features. However, once
we use the observed training labels F5 whenever avail-
able instead of the prediction the performance increases
substantially.

4. The relational learning approach ACORA performs
slightly worse than even the simple model with ex-
tended features. A possible explanation for the poor
performance is: despite its ability to utilize the rela-
tional information, the underlying components of ACORA
are mostly based on Naive Bayes. As is shown in Ta-
ble 3, Naive Bayes is suboptimal for our task compared
with other classifiers. A related question is how FOIL
would have performed on this task. We are unable
to include the results of FOIL due to its limitation
to binary classes and its huge computational costs (it
ran on one of the 10 folds for one of the 21 classifica-
tion tasks for more than 12 hours without completion).
However, we do compare the performance of ACORA
and FOIL on the binary task of classifying employees
as Consultant and the results show that FOIL is not
competitive in this domain.2

5. The graphical model achieves a better performance
than some of the other approaches, but is inferior to
stacking. There are three potential reasons for less
competitive performance of graphical models: first,
the tree representing the whole dataset with 20,320
nodes can not be processed via the inference algorithm.
Therefore we have to split the graph into sub-graphs
by cutting the edges between a non-leaf node and its
parent, as described in Section 4.5. This approxima-
tion might result in the loss of important relational
information; second, the local dependencies may dom-
inate the job category assignment. This is consistent
with the good performances of the simpler approaches.

In summary, the stacked models perform the best with
additional features generated from the true labels. Given
the same set of features, graphical models, ACORA and
stacked models perform similar, with the accuracy by graph-
ical models slight better (but not statistically significant)
than the other two.

In addition to the prediction accuracy, we also comment
on the computational complexity of these approaches. Based
on the running time, simple classifiers, especially Naive Bayes
and Decision Trees, is the most efficient (5∼ 30 mins); stack-
ing and multi-view learning are comparable to simple classi-
fication (0.5 ∼ 5 hours) since these two algorithms are built
on top of the base classifiers; graphical model is much slower
( ∼ 20 hours) while relational learning algorithms is the least
efficient, which takes over 24 hours. The running time may
not be an accurate estimator of complexity due to different
implementations, but at least it provides us a guidance when
selecting efficient solutions.

5.3 Effect of Sample Size
2ACORA accuracy: 90.5% ; FOIL accuracy 83%; Prior:
72%

Table 2: Performance of different classifiers on data
sets of varied size (Small Sample with 979 exam-
ples, Large Sample with 27,626 examples and Subdi-
vision with 20,320 examples) using different feature
set (limited to F1 and extended using F1, F2)

Algorithm Small Sample Large Sample Subdivision
Features F1 F1, F2 F1 F1, F2 F1 F1, F2

Naive Bayes 55.5 61.6 67.3 69.5 72.7 76.0
SVMs 52.2 58.5 67.3 74.6 72.2 80.5
Decision Tree 61.4 59.2 65.8 71.4 70.2 77.2
Boosted Tree 57.6 64.3 70.7 76.6 75.6 82.2
MaxEnt 60.1 64.2 71.2 78.2 76.5 82.6

In addition to the performance on the Subdivision, we are
also interested in answering questions about the generality
of the results across data sets. In particular, we explore
the effect of sample size on the performance. In our previ-
ous results, we can conclude that simple classifiers are able
to provide reasonable results with much less running time.
Therefore we applied simple models on a large and a small
random sample to evaluate the impact of the size of train-
ing data and feature sets. The results are summarized in
Table 2. As we can see, the extended features with the
managers’ profiles F2 consistently help to improve the per-
formance; a larger training set usually results in better per-
formance; the performance on examples from one division
are better than those from different divisions in the com-
pany. Among the simple models, Maximum Entropy and
Boosted Decision Tree yields the best accuracy in general.

Figure 8: The multi-view learning curve on the Large

Sample. Acronyms in the legend: NB (Naive Bayes),

SVM (support vector machines), BPG Fe (features built

from employee’s profile), RPC Fe ( features built from

the employee’s and manager’s profiles)

In addition to simple classifiers, we also examine the data
saturation of multi-view learning to find out how many la-
beled examples are needed. Since more labeled training data
can improve the accuracy (as suggested by Table 2), it would



be interesting to find out how the semi-supervised learning
can help improve the prediction. We first examine the multi-
view learning algorithm on the small random set, and obtain
an accuracy of 73.6%, which gives an improvement of about
14% compared to the performance of simple classifiers with
the same feature set (64.3%→ 73.6%). Next we apply multi-
view learning on increasingly larger training set to answer
two questions:

1. Does multi-view learning help when there is a rela-
tively large set of labeled data available?

2. How many labeled training data are required to achieve
a reasonable performance?

As shown in Figure 8, when the number of labeled ex-
amples are limited, i.e. less than 1,000, multi-view learn-
ing improves the performance significantly over the simple
classifiers. With more and more labeled data available, i.e.
from 2,000 to 5,000, the improvement becomes less signif-
icant and even negative. Similar behaviors have been ob-
served in other applications of multi-view learning, in part
because of the instability of the algorithms.

6. CONCLUSION
In this paper, we examine several approaches for large-

scale workforce classification. We not only aim at solving
an important task in workforce management, but also ad-
dress the challenges of graphical models for large-scale ap-
plications by developing an empirical strategy for efficient
inferences. The experiment results show that the graphical
model is able to achieve comparable results with other classi-
fication or relational learning methods using well-engineered
features as input.

The contributions of our work include: (1) we provide
comprehensive solutions to the workforce classification task
and achieve a competitive accuracy of around 84%, which
enable us to deploy our solutions for human resource uses.
Currently we have initiated our modeling framework in project
management and expert finder systems with promising re-
sults; (2) we use the job category classification as a study
case for comparative analysis on classification and relational
learning and include an unprecedented number of different
algorithms. On the one hand, our work confirms that rela-
tional learning is able to achieve better performance; on the
other hand, most relational learning algorithms or graphi-
cal models with approximate inference algorithms can only
successfully capture the local information, which can be
achieved using well-engineered features. Therefore design-
ing algorithms that capture the global information is crucial
for future research.
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