
Employer	  Industry	  Classification	  
using	  Job	  Postings

Mahak Goindani (Intern	  from	  Purdue	  University)
Qiaoling	  Liu	  (CareerBuilder)
Josh	  Chao	  (CareerBuilder)
Valentin	  Jijkoun (Textkernel)



Employer	  Industry	  Classification

• Employer	  industry	  of	  jobs	  =>	  insight	  about	  demand	  per	  industry
• Current	  system	  at	  CareerBuilder
• CompanyDepot:	  Employer	  name	  normalization	  system
• Employer	  knowledge	  base	  (KB):	  ~20M	  entities

• Errors	  occur	  but	  manual	  detection	  is	  impossible
• Observation:	  Job	  postings	  can	  be	  helpful



Clues	  from	  Job	  Postings
1. “Truck	  Driver”	  jobs	  indicate	  employer	  industry	  is	  Transportation
2. Company	  Name	  contains	  keyword	  “Transportation”



Automatic	  Error	  Detection	  based	  on	  Job	  Postings

Organization	  
name

Profession Organization	  
industry

Profession



Dataset	  and	  Method

• Jobfeed API:	  https://us.jobfeed.com/api/v3/help
• Get	  top	  10K	  employers	  with	  most	  jobs	  in	  Apr-‐Jun	  2017
• Consider	  top	  two	  industries

• Build	  a	  binary	  classifier	  per	  industry
• 70%	  for	  training,	  10%	  for	  validation,	  20%	  for	  testing
• Use	  “legacy	  labels”	  for	  training

TABLE I
DISTRIBUTION OF COMPANIES IN COMPLETE DATASET

Industry Positive Class Negative Class
Transportation 516 (5.16%) 9484 (94.84%)
Health Care 1318 (13.18%) 8682 (86.82%)

TABLE II
DISTRIBUTION OF COMPANIES IN EACH INDUSTRY

(1) Transportation Industry

Industry Positive Class Negative Class
Complete Dataset 516 (5.16%) 9484 (94.84%)
Training Dataset 369 (5.3%) 6593 (94.7%)

Validation Dataset 44 (4.4%) 957 (95.6%)
Test Dataset 100 (5.03%) 1889 (94.97%)

(2) Health Care Industry

Industry Positive Class Negative Class
Complete Dataset 1318 (13.18%) 8682 (86.82%)
Training Dataset 906 (13.00%) 6059 (87.00%)

Validation Dataset 131 (13.09%) 870 (86.91%)
Test Dataset 284 (14.26%) 1707 (85.74%)

check the industry of the employer in the KB, and add it to
either the list of employers in Positive Class or to the list of
employers in Negative Class, for each of the two industries
considered. We used this procedure to get data instead of just
choosing a fixed proportion of employers in Positive Class
and Negative Class, since we wanted the data to represent
the typical distribution of employers. We collected different
samples of the 10,000 employers that provide maximum num-
ber of jobs, over different periods of time. We observed that
the distribution of employers was similar in all the samples,
implying that the dataset used reflects the typical distribution.

After this, we divided the data into three parts: 70% for
training, 10% for validation, and 20% for testing, using ran-
dom sampling. The percentage of employers in Positive Class
and Negative Class in the complete dataset, for each industry,
is shown in Table I, and the percentage of employers in the
training, validation and test set, for each industry, is shown in
Table II. We observed that the percentage of employers in the
training set, validation set, and test set is similar as that in the
complete dataset. We can see that there is a lot of imbalance
in the proportion of examples in the Positive and Negative
Classes, with only 5.16% examples in transportation industry
and 13.18% examples in health care industry.

Since we collect the labels using the existing employer name
normalization system and the employer KB at CareerBuilder,
we call them legacy labels. We are aware that such legacy
labels may contain errors which occur during the computation
of the job employer and the construction of the employer KB
with the industry attributes. Yet we believe the majority of the
legacy labels would be correct, and using them for training
the classification models would be sufficient.

III. METHOD

Based on the above dataset, we build a binary classifier for
each industry. In the following, we will first describe how we

generate the features and then introduce the machine learning
models we used.

A. Feature Generation

For each employer, we generate two types of features: the
normalized titles of the jobs posted by this employer and the
keywords in the employer name.

Using the Jobfeed API, we get a list of employers, and
the normalized job titles [3] corresponding to the jobs posted
by them. We do not consider the employers for which the
number of jobs posted are less than a threshold of 20, since
the employers that post very few jobs do not provide much
information. Each employer posts various jobs: technical as
well as non-technical, like software engineer, truck driver,
sales manager, customer representative. We assume that the
most frequent jobs posted by an employer are technical jobs,
i.e., they are related to the industry of the employer. And,
using the infrequent jobs that are uninformative might not be
useful for classification and can add noise. So we filter out the
infrequent jobs that are uninformative in the following way.

Let ! be the list of all 5426 normalized titles. For each
normalized title " ∈ ! and an employer #, we calculate a ratio
score for it as follows:

$!,# =
%!,#∑

$∈%
%!,$

(1)

The denominator here is used for normalization. Next, we
define a list !! for each employer # that consists of those
normalized titles that have their ratio score greater than or
equal to 0.01, that is,

!! = {" ∣ $!,# ≥ 0.01} (2)

The threshold of 0.01 was chosen empirically so that !!

contains the main normalized titles for employer #.
After this we calculate the vocabulary of normalized titles

for each industry. There are certain normalized titles that
appear in various industries such as sales manager, customer
representative, and these have high frequency in both Positive
Class and Negative Class. We want to exclude such titles since
they do not provide any discriminative information, and can
add noise to the system. Selecting the important titles for the
vocabulary manually is a very tedious and time-consuming
task, given that we have 5426 possible normalized titles.
Hence, we came up with a significance score which helps
to select the significant titles without any manual effort. The
idea is to provide more importance to the titles belonging to
the Positive Class than to the ones belonging to the Negative
Class. For each industry ', and for each normalized title ", we
calculate the significance score as:

(#& =
%#'&
%#

(3)

where %#'& is the frequency of the normalized title " across
all employers in the Positive Class of industry ', and %# is
the frequency of the normalized title " across all employers.
After this, to form the vocabulary )#& of normalized titles



Feature	  Generation

For	  each	  employer	  e,	  we	  combine
• Title	  feature	  vector

• Job	  titles	  posted	  by	  the	  employer	  =>	  5426	  normalized	  titles
• 𝑉"#:	  Significant	  titles	  for	  industry	  i

• 𝑓%," = (
𝑅%,", 𝑅%," ≥ 0.01
	  0, 	  	  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (𝑅%," is	  percentage	  of	  t	  in	  all	  jobs	  posted	  by	  e)

• Keyword	  feature	  vector
• Keywords	  in	  the	  employer	  name	  (including	  raw	  names	  and	  normalized	  name)
• 𝑉7#:	  Significant	  keywords	  for	  industry	  i

• 𝑓%,7 = (1, 	  	  	  	  	  	  𝑤 ∈ 𝑁%
	  0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (𝑁% is	  list	  of	  unigrams	  in	  the	  employer	  name)

Assumption:	  main	  jobs	  
posted	  by	  an	  employer	  are	  
related	  to	  the	  industry



for an industry !, we select those normalized titles that have
their significance score and frequency greater than certain
thresholds.

"!" = {# ∣ $!" ≥ %#", '! ≥ %$"} (4)

Here, %#" is the threshold on the significance score for
industry !, and %$" is the threshold on the frequency of title
for industry !. The values of %#" and %$" should be chosen
such that "!" has a reasonable size and is relevant to the
industry !. Hence, these values can be different for different
industries. It is a very tedious process to manually decide
appropriate values of thresholds for each industry. Hence, we
experimented with using the quartiles as the thresholds. We
first filter out normalized titles that have '!%" ≤ 1. For the
remaining normalized titles, we compute the median of $!" and
the median of '!, and use them as %#" and %$" respectively.
Then we check the vocabulary size obtained after applying
these thresholds, and if the size is less than 50 (too few titles),
we reduce %$" to the first quartile of '!, while keeping %#"
unchanged. This is done in order to increase the number of
relevant titles in the vocabulary. Table III shows the size of
"!" and some example titles in "!" for the two industries.

Now, we can create a title feature vector for each employer.
For each # ∈ "!" and an employer (, the feature value )&,! is
given as:

)&,! =

{
*&,! # ∈ +&

0 otherwise
(5)

We use *&,! as the feature value in order to assign more
importance to the more frequent jobs posted by an employer.

In a similar way, for each industry !, we generate a vo-
cabulary "(" of keywords present in employer names. There
are two types of employer names: Unnormalized names and
Normalized names. Unnormalized names are the raw names
(mentions) of an employer extracted from the job postings.
These names are then given as input to the normalization
system, and are mapped to entities in the employer KB. The
name of this normalized entity is called the Normalized name.
By employer name, we refer to the set of all unnormalized
names and the normalized name of an employer. For each
industry, we define a significance score for the unigrams
present in the employer names. Then to form the vocabulary
of keywords for that industry, we select those unigrams that
have their significance score and frequency greater than certain
thresholds. The thresholds for "(" are chosen in a similar way
as for how we compute "!". Table III shows the size of "("

and some example keywords in "(" for the two industries.
Now, we can create a keyword feature vector for each

employer. For each , ∈ "(" and an employer (, the feature
value )&,( is given as:

)&,( =

{
1 , ∈ -&

0 otherwise
(6)

where -& is the list of unigrams present in the employer name
for employer (.

TABLE III
TOP KEYWORDS AND TITLES FOR EACH INDUSTRY

(1) Transportation Industry

Vocabulary Size Examples
Titles 140 Truck Driver, Hauler, Deck Officer, In-

dependent Contractor ((Transportation
and Material Moving)), Flatbed Driver

Keywords 45 carriers, airlines, trucking, transport,
freight, transfer

(2) Health Care Industry

Vocabulary Size Examples
Titles 383 Dialysis Technician, Adult Case Man-

ager, Inpatient Services Nurse, Rehabil-
itation Aide, Triage Nurse

Keywords 50 hospice, clinic, rehabilitation, hospital,
medical, health

The combined feature vector for employer ( will be the
concatenation of the title feature vector )&,! and the keyword
feature vector )&,(.

B. Learning Algorithms

We use two well-known models for our classification task:
(1) Support Vector Machine (SVM) [4], [5], and (2) Gradient
Boosted Decision Trees (GBDT) [5], [6].

Specifically, we used the LibSVM tool [7] to build the
SVM Model, and we used the spark MLlib package4 to
build the GBDT model. We used cross validation to select
the hyper-parameters. Also, we use cost-sensitive learning [8]
for training SVM to overcome the problem of imbalance in
the proportion of examples in Positive and Negative Classes.
Specifically, different costs are assigned for misclassifying
examples belonging to different classes. The misclassification
of positive examples is penalized more as compared to that
of negative examples. The LibSVM tool provides an option
to set the penalty for each class. A common approach is
setting the penalties based on the sizes of the classes so that
.(/01#2%)#/.(/01#2*&+ = -*&+/-%)#.

IV. EXPERIMENTS

A. Disagreement Set

Since it is expensive to go through all the examples in the
test data (1989 examples for Transportation industry and 1991
examples for Health Care industry) to identify all the incorrect
legacy labels, we assume that when the model predictions
agree with the legacy label, it is correct. This assumption saved
us a lot of effort in labeling the test data (from 1989 to 58
for Transportation industry and from 1991 to 217 for Health
Care industry).

To check how reasonable this assumption is, we randomly
selected 100 employers from the agreement set and manually
labeled those. We observed that the assumption holds true
for 97 out of 100 employers. Hence, we can say that this
assumption is reasonable and holds true most of the time.

4https://spark.apache.org/docs/1.6.0/mllib-ensembles.html

Top	  Keywords	  and	  Titles



Learning	  Algorithms

• Support	  Vector	  Machine	  (SVM)
• LibSVM package
• Cost-‐sensitive	  learning:	  different	  costs	  for	  misclassifications	  in	  different	  classes

• Gradient	  Boosted	  Decision	  Trees	  (GBDT)
• MLlib package



Experiments

• Label	  partial	  test	  set	  to	  save	  effort	  =>	  Disagreement	  Set
• Ignoring	  cases	  when	  predictions	  agree	  with	  legacy	  label

• An	  employer	  in	  disagreement	  set	  is	  “defined”	  if	  correctly	  normalized,	  
otherwise	  “undefined”.

Transportation Health	  Care

Test	  set 1989 1991

Disagreement	  set 58 217



• Legacy	  system	  performs	  best
• Higher	  recall
• Used	  manually	  edited	  KB

• SVM	  and	  GBDT	  perform	  similar
• Much	  better	  than	  baselines

Can	  the	  ML	  models	  
detect	  errors	  in	  the	  
legacy	  system?	  

Results	  for	  Classifying	  Defined	  EmployersNext, we find examples in the test data, where there is a
disagreement in the legacy labels and model predictions. For
each employer in the disagreement set, we manually check
whether the computation of the job employer is correct. If it
is correct, we mark the employer as “defined” and manually
provide the correct industry for the employer. If it is incorrect,
we mark the employer as “undefined”.

B. Metrics

1) Precision, Recall, and F-Score: For employers that are
marked as “defined”, we have the manually corrected industry
labels in test data. Therefore, we can use typical precision,
recall, and f-score to measure the performance of the models.

2) Utility: For employers that are marked as “undefined”,
errors occurred during the computation of job employers.
Therefore, we define utility metrics which measures how
useful the system is in identifying the “undefined” employers.
Given a disagreement set ! computed based on multiple
models, let "! ∣" be the number of “undefined” employers that
are manually identified in the disagreement set !. Let "# ∣"
be the number of employers that occur in the disagreement set
of a specific model. We define three types of utility metrics
for the model, with respect of the disagreement set !:

∙ Utility Precision (#$ ∣"): Percentage of employers that
are marked as “undefined” in the disagreement set of the
model.

#$ ∣" =
"# ∣" ∩ "! ∣"

"# ∣"
(7)

∙ Utility Recall (#%∣"): Percentage of “undefined” employ-
ers that occur in the disagreement set of the model among
all the manually identified “undefined” employers.

#%∣" =
"# ∣" ∩ "! ∣"

"! ∣"
(8)

∙ Utility F-score (#& ∣"): Harmonic mean of Utility Preci-
sion and Utility Recall.

#& ∣" =
2× #$ ∣" × #%∣"

#$ ∣" + #%∣"
(9)

C. Results

We compare the performance of the three systems used
for industry classification: the legacy system used at Ca-
reerBuilder, SVM, and GBDT, as described in Section III.
Table IV shows the precision, recall and f-score of these
systems for Transportation and Health Care industries.

The performance of SVM and GBDT is similar. Also,
SVM and GBDT achieve a higher precision than the Legacy
system, while the recall values are lower, and thus the f-score.
However, as compared to the transportation industry, the recall
and f-score values for health care industry are close to that of
the legacy system. One reason for this is that the imbalance
in the proportion of classes is higher in the transportation
industry than in the health care industry, as shown in section
II. Moreover, the legacy system uses the industry attribute

TABLE IV
RESULTS FOR CLASSIFYING DEFINED EMPLOYERS

(1) Transportation Industry

System Precision Recall F-Score
Random Guessing 0.05 0.5 0.09

All Positives 0.05 1.0 0.10
Legacy System 0.94 0.92 0.93

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

(2) Health Care Industry

System Precision Recall F-Score
Random Guessing 0.14 0.5 0.22

All Positives 0.14 1.0 0.25
Legacy System 0.96 0.82 0.89

SVM 0.97 0.71 0.82
GBDT 0.98 0.76 0.86

from the employer KB which is mostly manually edited
data, and thus has higher values for precision, recall and f-
score, whereas, SVM and GBDT are machine learning models
that try to learn from data and make reasonable predictions.
Although the ML models do not perform better than the
legacy system since it uses human annotated data, they are
able to achieve scores close to those of the legacy system
and much higher than those of the random-guessing and all-
positives baseline systems. Our goal was to build models that
can leverage the job postings to infer the employer industry
and automatically detect errors in the normalization system
and the KB at CareerBuilder, since it is a very tedious and
time-consuming process to manually identify the errors.

The utility values of these systems for Transportation and
Health Care industries are shown in Table V. Interestingly,
we see that GBDT actually does a better job than SVM in
achieving higher utility scores, and thus is more effective in
identifying errors occurred during inferring job employers.
There are certain complex relationships between features, e.g.,
many job titles are quite related such as “Truck Driver” and
“Commercial Driver’s License (CDL) Driver”. GBDT can
accommodate those relations while SVM is unable to use
the combinations so well. It is shown in [9] that ensembles
methods such as boosting are better able to capture the
complex interactions, that is a potential advantage over SVM.

Note that we calculate precision, recall and f-score for
the defined employers and utility metrics for the undefined
employers, so they are rather independent. The defined em-
ployers are generally easier to classify because they often
have stronger signals than the undefined employers. Therefore,
SVM performs well in terms of precision, recall and f-score,
but not so well in terms of utility metrics.

D. Feature Ablation

We performed experiments using different combinations of
features to know the effect of each type of feature in predicting
the employer industry. The results for transportation industry
are shown in Table VI.

The employer names alone capture a good amount of infor-
mation. Using the normalized titles provides an improvement



• Utility	  Precision	  (𝑈;|=):	  
• %	  of	  employers	  annotated	  as	  “undefined”	  in	  the	  
disagreement	  set	  of	  the	  model

• Utility	  Recall	  (𝑈>|=):	  
• %	  of	  “undefined”	  employers	  in	  the	  disagreement	  set	  of	  the	  
model	  among	  all	  the	  annotated	  “undefined”	  employers

• Utility	  F-‐score	  (𝑈?|=):	  
• Harmonic	  mean	  of	  Utility	  Precision	  and	  Utility	  Recall

Utility	  Metrics	  for	  Detecting	  Undefined	  Employers

Next, we find examples in the test data, where there is a
disagreement in the legacy labels and model predictions. For
each employer in the disagreement set, we manually check
whether the computation of the job employer is correct. If it
is correct, we mark the employer as “defined” and manually
provide the correct industry for the employer. If it is incorrect,
we mark the employer as “undefined”.

B. Metrics

1) Precision, Recall, and F-Score: For employers that are
marked as “defined”, we have the manually corrected industry
labels in test data. Therefore, we can use typical precision,
recall, and f-score to measure the performance of the models.

2) Utility: For employers that are marked as “undefined”,
errors occurred during the computation of job employers.
Therefore, we define utility metrics which measures how
useful the system is in identifying the “undefined” employers.
Given a disagreement set ! computed based on multiple
models, let "! ∣" be the number of “undefined” employers that
are manually identified in the disagreement set !. Let "# ∣"
be the number of employers that occur in the disagreement set
of a specific model. We define three types of utility metrics
for the model, with respect of the disagreement set !:

∙ Utility Precision (#$ ∣"): Percentage of employers that
are marked as “undefined” in the disagreement set of the
model.

#$ ∣" =
"# ∣" ∩ "! ∣"

"# ∣"
(7)

∙ Utility Recall (#%∣"): Percentage of “undefined” employ-
ers that occur in the disagreement set of the model among
all the manually identified “undefined” employers.

#%∣" =
"# ∣" ∩ "! ∣"

"! ∣"
(8)

∙ Utility F-score (#& ∣"): Harmonic mean of Utility Preci-
sion and Utility Recall.

#& ∣" =
2× #$ ∣" × #%∣"

#$ ∣" + #%∣"
(9)

C. Results

We compare the performance of the three systems used
for industry classification: the legacy system used at Ca-
reerBuilder, SVM, and GBDT, as described in Section III.
Table IV shows the precision, recall and f-score of these
systems for Transportation and Health Care industries.

The performance of SVM and GBDT is similar. Also,
SVM and GBDT achieve a higher precision than the Legacy
system, while the recall values are lower, and thus the f-score.
However, as compared to the transportation industry, the recall
and f-score values for health care industry are close to that of
the legacy system. One reason for this is that the imbalance
in the proportion of classes is higher in the transportation
industry than in the health care industry, as shown in section
II. Moreover, the legacy system uses the industry attribute

TABLE IV
RESULTS FOR CLASSIFYING DEFINED EMPLOYERS

(1) Transportation Industry

System Precision Recall F-Score
Random Guessing 0.05 0.5 0.09

All Positives 0.05 1.0 0.10
Legacy System 0.94 0.92 0.93

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

(2) Health Care Industry

System Precision Recall F-Score
Random Guessing 0.14 0.5 0.22

All Positives 0.14 1.0 0.25
Legacy System 0.96 0.82 0.89

SVM 0.97 0.71 0.82
GBDT 0.98 0.76 0.86

from the employer KB which is mostly manually edited
data, and thus has higher values for precision, recall and f-
score, whereas, SVM and GBDT are machine learning models
that try to learn from data and make reasonable predictions.
Although the ML models do not perform better than the
legacy system since it uses human annotated data, they are
able to achieve scores close to those of the legacy system
and much higher than those of the random-guessing and all-
positives baseline systems. Our goal was to build models that
can leverage the job postings to infer the employer industry
and automatically detect errors in the normalization system
and the KB at CareerBuilder, since it is a very tedious and
time-consuming process to manually identify the errors.

The utility values of these systems for Transportation and
Health Care industries are shown in Table V. Interestingly,
we see that GBDT actually does a better job than SVM in
achieving higher utility scores, and thus is more effective in
identifying errors occurred during inferring job employers.
There are certain complex relationships between features, e.g.,
many job titles are quite related such as “Truck Driver” and
“Commercial Driver’s License (CDL) Driver”. GBDT can
accommodate those relations while SVM is unable to use
the combinations so well. It is shown in [9] that ensembles
methods such as boosting are better able to capture the
complex interactions, that is a potential advantage over SVM.

Note that we calculate precision, recall and f-score for
the defined employers and utility metrics for the undefined
employers, so they are rather independent. The defined em-
ployers are generally easier to classify because they often
have stronger signals than the undefined employers. Therefore,
SVM performs well in terms of precision, recall and f-score,
but not so well in terms of utility metrics.

D. Feature Ablation

We performed experiments using different combinations of
features to know the effect of each type of feature in predicting
the employer industry. The results for transportation industry
are shown in Table VI.

The employer names alone capture a good amount of infor-
mation. Using the normalized titles provides an improvement

Next, we find examples in the test data, where there is a
disagreement in the legacy labels and model predictions. For
each employer in the disagreement set, we manually check
whether the computation of the job employer is correct. If it
is correct, we mark the employer as “defined” and manually
provide the correct industry for the employer. If it is incorrect,
we mark the employer as “undefined”.

B. Metrics

1) Precision, Recall, and F-Score: For employers that are
marked as “defined”, we have the manually corrected industry
labels in test data. Therefore, we can use typical precision,
recall, and f-score to measure the performance of the models.

2) Utility: For employers that are marked as “undefined”,
errors occurred during the computation of job employers.
Therefore, we define utility metrics which measures how
useful the system is in identifying the “undefined” employers.
Given a disagreement set ! computed based on multiple
models, let "! ∣" be the number of “undefined” employers that
are manually identified in the disagreement set !. Let "# ∣"
be the number of employers that occur in the disagreement set
of a specific model. We define three types of utility metrics
for the model, with respect of the disagreement set !:

∙ Utility Precision (#$ ∣"): Percentage of employers that
are marked as “undefined” in the disagreement set of the
model.

#$ ∣" =
"# ∣" ∩ "! ∣"

"# ∣"
(7)

∙ Utility Recall (#%∣"): Percentage of “undefined” employ-
ers that occur in the disagreement set of the model among
all the manually identified “undefined” employers.

#%∣" =
"# ∣" ∩ "! ∣"

"! ∣"
(8)

∙ Utility F-score (#& ∣"): Harmonic mean of Utility Preci-
sion and Utility Recall.

#& ∣" =
2× #$ ∣" × #%∣"

#$ ∣" + #%∣"
(9)

C. Results

We compare the performance of the three systems used
for industry classification: the legacy system used at Ca-
reerBuilder, SVM, and GBDT, as described in Section III.
Table IV shows the precision, recall and f-score of these
systems for Transportation and Health Care industries.

The performance of SVM and GBDT is similar. Also,
SVM and GBDT achieve a higher precision than the Legacy
system, while the recall values are lower, and thus the f-score.
However, as compared to the transportation industry, the recall
and f-score values for health care industry are close to that of
the legacy system. One reason for this is that the imbalance
in the proportion of classes is higher in the transportation
industry than in the health care industry, as shown in section
II. Moreover, the legacy system uses the industry attribute

TABLE IV
RESULTS FOR CLASSIFYING DEFINED EMPLOYERS

(1) Transportation Industry

System Precision Recall F-Score
Random Guessing 0.05 0.5 0.09

All Positives 0.05 1.0 0.10
Legacy System 0.94 0.92 0.93

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

(2) Health Care Industry

System Precision Recall F-Score
Random Guessing 0.14 0.5 0.22

All Positives 0.14 1.0 0.25
Legacy System 0.96 0.82 0.89

SVM 0.97 0.71 0.82
GBDT 0.98 0.76 0.86

from the employer KB which is mostly manually edited
data, and thus has higher values for precision, recall and f-
score, whereas, SVM and GBDT are machine learning models
that try to learn from data and make reasonable predictions.
Although the ML models do not perform better than the
legacy system since it uses human annotated data, they are
able to achieve scores close to those of the legacy system
and much higher than those of the random-guessing and all-
positives baseline systems. Our goal was to build models that
can leverage the job postings to infer the employer industry
and automatically detect errors in the normalization system
and the KB at CareerBuilder, since it is a very tedious and
time-consuming process to manually identify the errors.

The utility values of these systems for Transportation and
Health Care industries are shown in Table V. Interestingly,
we see that GBDT actually does a better job than SVM in
achieving higher utility scores, and thus is more effective in
identifying errors occurred during inferring job employers.
There are certain complex relationships between features, e.g.,
many job titles are quite related such as “Truck Driver” and
“Commercial Driver’s License (CDL) Driver”. GBDT can
accommodate those relations while SVM is unable to use
the combinations so well. It is shown in [9] that ensembles
methods such as boosting are better able to capture the
complex interactions, that is a potential advantage over SVM.

Note that we calculate precision, recall and f-score for
the defined employers and utility metrics for the undefined
employers, so they are rather independent. The defined em-
ployers are generally easier to classify because they often
have stronger signals than the undefined employers. Therefore,
SVM performs well in terms of precision, recall and f-score,
but not so well in terms of utility metrics.

D. Feature Ablation

We performed experiments using different combinations of
features to know the effect of each type of feature in predicting
the employer industry. The results for transportation industry
are shown in Table VI.

The employer names alone capture a good amount of infor-
mation. Using the normalized titles provides an improvement

Next, we find examples in the test data, where there is a
disagreement in the legacy labels and model predictions. For
each employer in the disagreement set, we manually check
whether the computation of the job employer is correct. If it
is correct, we mark the employer as “defined” and manually
provide the correct industry for the employer. If it is incorrect,
we mark the employer as “undefined”.

B. Metrics

1) Precision, Recall, and F-Score: For employers that are
marked as “defined”, we have the manually corrected industry
labels in test data. Therefore, we can use typical precision,
recall, and f-score to measure the performance of the models.

2) Utility: For employers that are marked as “undefined”,
errors occurred during the computation of job employers.
Therefore, we define utility metrics which measures how
useful the system is in identifying the “undefined” employers.
Given a disagreement set ! computed based on multiple
models, let "! ∣" be the number of “undefined” employers that
are manually identified in the disagreement set !. Let "# ∣"
be the number of employers that occur in the disagreement set
of a specific model. We define three types of utility metrics
for the model, with respect of the disagreement set !:

∙ Utility Precision (#$ ∣"): Percentage of employers that
are marked as “undefined” in the disagreement set of the
model.

#$ ∣" =
"# ∣" ∩ "! ∣"

"# ∣"
(7)

∙ Utility Recall (#%∣"): Percentage of “undefined” employ-
ers that occur in the disagreement set of the model among
all the manually identified “undefined” employers.

#%∣" =
"# ∣" ∩ "! ∣"

"! ∣"
(8)

∙ Utility F-score (#& ∣"): Harmonic mean of Utility Preci-
sion and Utility Recall.

#& ∣" =
2× #$ ∣" × #%∣"

#$ ∣" + #%∣"
(9)

C. Results

We compare the performance of the three systems used
for industry classification: the legacy system used at Ca-
reerBuilder, SVM, and GBDT, as described in Section III.
Table IV shows the precision, recall and f-score of these
systems for Transportation and Health Care industries.

The performance of SVM and GBDT is similar. Also,
SVM and GBDT achieve a higher precision than the Legacy
system, while the recall values are lower, and thus the f-score.
However, as compared to the transportation industry, the recall
and f-score values for health care industry are close to that of
the legacy system. One reason for this is that the imbalance
in the proportion of classes is higher in the transportation
industry than in the health care industry, as shown in section
II. Moreover, the legacy system uses the industry attribute

TABLE IV
RESULTS FOR CLASSIFYING DEFINED EMPLOYERS

(1) Transportation Industry

System Precision Recall F-Score
Random Guessing 0.05 0.5 0.09

All Positives 0.05 1.0 0.10
Legacy System 0.94 0.92 0.93

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

(2) Health Care Industry

System Precision Recall F-Score
Random Guessing 0.14 0.5 0.22

All Positives 0.14 1.0 0.25
Legacy System 0.96 0.82 0.89

SVM 0.97 0.71 0.82
GBDT 0.98 0.76 0.86

from the employer KB which is mostly manually edited
data, and thus has higher values for precision, recall and f-
score, whereas, SVM and GBDT are machine learning models
that try to learn from data and make reasonable predictions.
Although the ML models do not perform better than the
legacy system since it uses human annotated data, they are
able to achieve scores close to those of the legacy system
and much higher than those of the random-guessing and all-
positives baseline systems. Our goal was to build models that
can leverage the job postings to infer the employer industry
and automatically detect errors in the normalization system
and the KB at CareerBuilder, since it is a very tedious and
time-consuming process to manually identify the errors.

The utility values of these systems for Transportation and
Health Care industries are shown in Table V. Interestingly,
we see that GBDT actually does a better job than SVM in
achieving higher utility scores, and thus is more effective in
identifying errors occurred during inferring job employers.
There are certain complex relationships between features, e.g.,
many job titles are quite related such as “Truck Driver” and
“Commercial Driver’s License (CDL) Driver”. GBDT can
accommodate those relations while SVM is unable to use
the combinations so well. It is shown in [9] that ensembles
methods such as boosting are better able to capture the
complex interactions, that is a potential advantage over SVM.

Note that we calculate precision, recall and f-score for
the defined employers and utility metrics for the undefined
employers, so they are rather independent. The defined em-
ployers are generally easier to classify because they often
have stronger signals than the undefined employers. Therefore,
SVM performs well in terms of precision, recall and f-score,
but not so well in terms of utility metrics.

D. Feature Ablation

We performed experiments using different combinations of
features to know the effect of each type of feature in predicting
the employer industry. The results for transportation industry
are shown in Table VI.

The employer names alone capture a good amount of infor-
mation. Using the normalized titles provides an improvement

• Given	  a	  disagreement	  set	  D	  computed	  based	  on	  multiple	  models:
• 𝐸A|=:	  #	  of	  “undefined”	  employers	  annotated	  in	  the	  disagreement	  set	  D
• 𝐸B|=:	  #	  of	  employers	  that	  occur	  in	  the	  disagreement	  set	  of	  a	  specific	  model



GBDT	  performs	  better,	  capturing	  the	  complex	  relationships	  between	  features
• E.g.,	  related	  job	  titles:	  “Truck	  Driver”	  and	  “Commercial	  Driver’s	  License	  Driver”

Utility	  for	  Detecting	  Undefined	  EmployersTABLE V
UTILITY FOR IDENTIFYING UNDEFINED EMPLOYERS

(1) Transportation Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.14 0.78 0.23

GBDT 0.17 0.89 0.28

(2) Health Care Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.24 0.57 0.34

GBDT 0.29 0.86 0.44

TABLE VI
RESULTS FOR DIFFERENT FEATURE SETS (TRANSPORTATION INDUSTRY)

Feature Set System Precision Recall F-Score

Keywords SVM 0.95 0.66 0.78
GBDT 1.00 0.58 0.73

Titles SVM 0.97 0.70 0.81
GBDT 0.97 0.67 0.79

Titles &
Keywords

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

in the results, over using just the keywords from employer
names, for both SVM and GBDT. Thus, the normalized titles
are able to capture more information about the employer
industry, as compared to the employer name alone. Yet, adding
the keywords from the employer names to the normalized
titles does not provide much improvement in the result, and is
almost similar to using just the normalized titles. The reason
for this is that the employers for which the name contains
relevant keywords, already have a good set of normalized titles
that correctly predict the industry of the employer.

E. Error Analysis

We analyzed all the examples in the disagreement set
described in Section IV-A, and observed three types of errors
in the results of the legacy system that were detected by our
machine learning models.

1) Errors due to incorrect name extraction: These are the
error in the extraction process (parsing) of the Unnormalized
Name of the employer. For example, “Truck Driver Cdl-a” is
an Unnormalized Name given as input to the normalization
system. But there is no valid employer named “Truck Driver
Cdl-a”.

2) Errors due to incorrect name normalization: These are
the errors when the Unnormalized Name of an employer is
valid (correct name extraction), but is incorrectly mapped to a
wrong entity in the KB during the normalization process. For
example, the Unnormalized name “Omni Specialized LLC.” is
incorrectly mapped to a wrong entity “OWI Specialized, Inc.”
by the normalization system.

3) Errors due to incorrect KB attribute: These are the
errors when the extracted name is valid and its normalization
is correct, but the industry attribute of the employer in the
KB is marked incorrectly. For example, the Unnormalized
name “Hornady Transportation” is a valid employer, and is
normalized to “Hornady Transportation LLC”, which is a

TABLE VII
DISTRIBUTION OF ERRORS DETECTED BY OUR MODELS.

Error Type Transportation Health Care
Incorrect Name Extraction 7 (31.82%) 18 (15.38%)

Incorrect Name Normalization 2 (9.09%) 40 (34.19%)
Incorrect KB Attribute 13 (59.09%) 59 (50.43%)

transportation company. But its industry in the KB is incor-
rectly labeled as ‘Temporary Help Services’.

The distribution of each type of errors is presented in
Table VII. We can see that a major proportion of the errors is
due to incorrectly labeled industry attribute in the KB.

We also analyzed the model errors that occur when the
legacy system produces correct results, i.e., when the Unnor-
malized name is valid, the normalization process is correct,
and the industry attribute in the KB is marked correctly, but
the model (SVM/GBDT) predicts incorrect industry for the
employer. For example, “CGB Enterprises” is a valid Unnor-
malized name, and is normalized to “CGB Enterprises, Inc.”,
which is a transportation company, and is labeled correctly in
the KB. However, the model predicts it as a non-transportation
employer. The reason for this is that the employer name does
not contain any keywords in the vocabulary for transportation
industry, and moreover, the most frequent jobs posted by this
employer are non-technical jobs like “Landscape Laborer”,
“Operations Manager”, which are not related to transportation
industry. We assumed that the most frequent jobs posted by an
employer are related to its industry, however this is an example
where the assumption does not hold true.

V. DISCUSSION AND FUTURE WORK

Our method is based on the assumption that the most
frequent jobs posted are related to the employer’s industry.
However, it might not hold true because the number of jobs
and the types of jobs posted by an employer can change
with time depending on the vacancies they have. To solve
this problem, we wish to include additional features such as
employer description (which can be obtained from some of
the job postings and the employer’s website, e.g., the text
under the “About Me” webpage). We can also include features
derived from the text of the job description, e.g., binary
features indicating if specific keywords occur in job content.

During our experiments, we also tested our method on
one more industry which is Staffing Agencies. However, we
observed that the precision and recall values were quite low
for this industry. Through error analysis, we realized that our
current job title features are not useful for staffing industry
classification. Most of the jobs in the staffing industry are
directly related to specific industries that the staffing compa-
nies focus on (like health care) and are very diverse (e.g.,
including all kinds of jobs in the health care industry). Thus,
in future, we might need to include other features such as
entropy of normalized titles to handle such industries. We can
also consider job descriptions and search for phrases indicating
staffing industry such as “our client is looking for”, or phrases
which indicate a direct employer such as “Equal Employment



Error	  Analysis

• Automatically	  detected	  important	  errors	  in	  legacy	  system

• “Truck	  Driver	  Cdl-‐a”	  =>	  not	  valid	  employer	  name
• “Omni	  Specialized	  LLC”	  =>	  wrong	  normalization:	  “OWI	  Specialized,	  Inc”
• “Hornady Transportation	  LLC”	  =>	  wrong	  industry:	  “Temporary	  Help	  Services”

• Model	  errors	  <=	  Our	  assumption	  does	  not	  hold
• “CGB	  Enterprises,	  Inc.”	  =>	  jobs:	  “Landscape	  Laborer”	  and	  “Operations	  Manager”

TABLE V
UTILITY FOR IDENTIFYING UNDEFINED EMPLOYERS

(1) Transportation Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.14 0.78 0.23

GBDT 0.17 0.89 0.28

(2) Health Care Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.24 0.57 0.34

GBDT 0.29 0.86 0.44

TABLE VI
RESULTS FOR DIFFERENT FEATURE SETS (TRANSPORTATION INDUSTRY)

Feature Set System Precision Recall F-Score

Keywords SVM 0.95 0.66 0.78
GBDT 1.00 0.58 0.73

Titles SVM 0.97 0.70 0.81
GBDT 0.97 0.67 0.79

Titles &
Keywords

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

in the results, over using just the keywords from employer
names, for both SVM and GBDT. Thus, the normalized titles
are able to capture more information about the employer
industry, as compared to the employer name alone. Yet, adding
the keywords from the employer names to the normalized
titles does not provide much improvement in the result, and is
almost similar to using just the normalized titles. The reason
for this is that the employers for which the name contains
relevant keywords, already have a good set of normalized titles
that correctly predict the industry of the employer.

E. Error Analysis

We analyzed all the examples in the disagreement set
described in Section IV-A, and observed three types of errors
in the results of the legacy system that were detected by our
machine learning models.

1) Errors due to incorrect name extraction: These are the
error in the extraction process (parsing) of the Unnormalized
Name of the employer. For example, “Truck Driver Cdl-a” is
an Unnormalized Name given as input to the normalization
system. But there is no valid employer named “Truck Driver
Cdl-a”.

2) Errors due to incorrect name normalization: These are
the errors when the Unnormalized Name of an employer is
valid (correct name extraction), but is incorrectly mapped to a
wrong entity in the KB during the normalization process. For
example, the Unnormalized name “Omni Specialized LLC.” is
incorrectly mapped to a wrong entity “OWI Specialized, Inc.”
by the normalization system.

3) Errors due to incorrect KB attribute: These are the
errors when the extracted name is valid and its normalization
is correct, but the industry attribute of the employer in the
KB is marked incorrectly. For example, the Unnormalized
name “Hornady Transportation” is a valid employer, and is
normalized to “Hornady Transportation LLC”, which is a

TABLE VII
DISTRIBUTION OF ERRORS DETECTED BY OUR MODELS.

Error Type Transportation Health Care
Incorrect Name Extraction 7 (31.82%) 18 (15.38%)

Incorrect Name Normalization 2 (9.09%) 40 (34.19%)
Incorrect KB Attribute 13 (59.09%) 59 (50.43%)

transportation company. But its industry in the KB is incor-
rectly labeled as ‘Temporary Help Services’.

The distribution of each type of errors is presented in
Table VII. We can see that a major proportion of the errors is
due to incorrectly labeled industry attribute in the KB.

We also analyzed the model errors that occur when the
legacy system produces correct results, i.e., when the Unnor-
malized name is valid, the normalization process is correct,
and the industry attribute in the KB is marked correctly, but
the model (SVM/GBDT) predicts incorrect industry for the
employer. For example, “CGB Enterprises” is a valid Unnor-
malized name, and is normalized to “CGB Enterprises, Inc.”,
which is a transportation company, and is labeled correctly in
the KB. However, the model predicts it as a non-transportation
employer. The reason for this is that the employer name does
not contain any keywords in the vocabulary for transportation
industry, and moreover, the most frequent jobs posted by this
employer are non-technical jobs like “Landscape Laborer”,
“Operations Manager”, which are not related to transportation
industry. We assumed that the most frequent jobs posted by an
employer are related to its industry, however this is an example
where the assumption does not hold true.

V. DISCUSSION AND FUTURE WORK

Our method is based on the assumption that the most
frequent jobs posted are related to the employer’s industry.
However, it might not hold true because the number of jobs
and the types of jobs posted by an employer can change
with time depending on the vacancies they have. To solve
this problem, we wish to include additional features such as
employer description (which can be obtained from some of
the job postings and the employer’s website, e.g., the text
under the “About Me” webpage). We can also include features
derived from the text of the job description, e.g., binary
features indicating if specific keywords occur in job content.

During our experiments, we also tested our method on
one more industry which is Staffing Agencies. However, we
observed that the precision and recall values were quite low
for this industry. Through error analysis, we realized that our
current job title features are not useful for staffing industry
classification. Most of the jobs in the staffing industry are
directly related to specific industries that the staffing compa-
nies focus on (like health care) and are very diverse (e.g.,
including all kinds of jobs in the health care industry). Thus,
in future, we might need to include other features such as
entropy of normalized titles to handle such industries. We can
also consider job descriptions and search for phrases indicating
staffing industry such as “our client is looking for”, or phrases
which indicate a direct employer such as “Equal Employment



Conclusion

• Inferring	  employer	  industry	  of	  jobs	  is	  important
• CareerBuilder	  uses	  an	  employer	  normalization	  system	  and	  an	  employer	  KB
• Manual	  detection	  of	  errors	  is	  hard

• We	  used	  job	  postings	  and	  machine	  learning	  methods	  to	  infer	  
employer	  industry	  and	  automatically	  detect	  errors	  in	  legacy	  system
• Titles	  from	  job	  postings
• Keywords	  from	  employer	  name



Future	  Work

• Add	  more	  features,	  e.g.,	  
• Employer	  description
• Text	  of	  job	  description

• Investigate	  more	  industries	  and	  try	  multiclass	  classification
• Staffing	  industry:	  our	  assumption	  does	  not	  hold

• Handle	  employers	  spanning	  across	  multiple	  industries
• Multi-‐label	  classification	  or	  fuzzy	  classification



Thank	  you!
Any	  Questions?



Backup	  Slides



How	  to	  Compute	  Significant	  Titles	  per	  Industry?

• Main	  idea:	  t	  is	  more	  significant	  if	  it	  appears	  more	  often	  in	  positive	  class

• Compute	  significance	  score	  𝑆"# =
DEFG
DE

for	  industry	  i
• 𝑓" is	  frequency	  of	  t	  across	  all	  employers,	  and	  𝑓"H# focuses	  on	  positive	  class	  of	  i

• Compute	  significant	  titles	  𝑽𝒕𝒊 = 	  𝒕	   	  𝑺𝒕𝒊 ≥ 𝜽𝒔𝒊, 𝒇𝒕 ≥ 𝜽𝒇𝒊}
• 𝜃R# and	  𝜃D# are	  chosen	  based	  on	  quartiles
1. Filter	  out	  titles	  that	  have	  𝑓"H# ≤ 1
2. Compute	  median	  of	  𝑆"# as	  𝜃R# and	  median	  of	  𝑓" as	  𝜃D#
3. If	   𝑉"# < 50,	  reduce	  𝜃D# to	  1st quartile	  of	  𝑓" and	  keep	  𝜃R# unchanged

Vocabulary	  of	  significant	  keywords	  per	  industry	  𝑉7# is	  computed	  similarly.



Feature	  Ablation

• Titles	  capture	  more	  information	  than	  employer	  name	  alone
• Adding	  keywords	  from	  employer	  names	  does	  not	  help	  much

TABLE V
UTILITY FOR IDENTIFYING UNDEFINED EMPLOYERS

(1) Transportation Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.14 0.78 0.23

GBDT 0.17 0.89 0.28

(2) Health Care Industry

System !! ∣" !#∣" !$ ∣"
SVM 0.24 0.57 0.34

GBDT 0.29 0.86 0.44

TABLE VI
RESULTS FOR DIFFERENT FEATURE SETS (TRANSPORTATION INDUSTRY)

Feature Set System Precision Recall F-Score

Keywords SVM 0.95 0.66 0.78
GBDT 1.00 0.58 0.73

Titles SVM 0.97 0.70 0.81
GBDT 0.97 0.67 0.79

Titles &
Keywords

SVM 0.97 0.70 0.81
GBDT 1.00 0.65 0.79

in the results, over using just the keywords from employer
names, for both SVM and GBDT. Thus, the normalized titles
are able to capture more information about the employer
industry, as compared to the employer name alone. Yet, adding
the keywords from the employer names to the normalized
titles does not provide much improvement in the result, and is
almost similar to using just the normalized titles. The reason
for this is that the employers for which the name contains
relevant keywords, already have a good set of normalized titles
that correctly predict the industry of the employer.

E. Error Analysis

We analyzed all the examples in the disagreement set
described in Section IV-A, and observed three types of errors
in the results of the legacy system that were detected by our
machine learning models.

1) Errors due to incorrect name extraction: These are the
error in the extraction process (parsing) of the Unnormalized
Name of the employer. For example, “Truck Driver Cdl-a” is
an Unnormalized Name given as input to the normalization
system. But there is no valid employer named “Truck Driver
Cdl-a”.

2) Errors due to incorrect name normalization: These are
the errors when the Unnormalized Name of an employer is
valid (correct name extraction), but is incorrectly mapped to a
wrong entity in the KB during the normalization process. For
example, the Unnormalized name “Omni Specialized LLC.” is
incorrectly mapped to a wrong entity “OWI Specialized, Inc.”
by the normalization system.

3) Errors due to incorrect KB attribute: These are the
errors when the extracted name is valid and its normalization
is correct, but the industry attribute of the employer in the
KB is marked incorrectly. For example, the Unnormalized
name “Hornady Transportation” is a valid employer, and is
normalized to “Hornady Transportation LLC”, which is a

TABLE VII
DISTRIBUTION OF ERRORS DETECTED BY OUR MODELS.

Error Type Transportation Health Care
Incorrect Name Extraction 7 (31.82%) 18 (15.38%)

Incorrect Name Normalization 2 (9.09%) 40 (34.19%)
Incorrect KB Attribute 13 (59.09%) 59 (50.43%)

transportation company. But its industry in the KB is incor-
rectly labeled as ‘Temporary Help Services’.

The distribution of each type of errors is presented in
Table VII. We can see that a major proportion of the errors is
due to incorrectly labeled industry attribute in the KB.

We also analyzed the model errors that occur when the
legacy system produces correct results, i.e., when the Unnor-
malized name is valid, the normalization process is correct,
and the industry attribute in the KB is marked correctly, but
the model (SVM/GBDT) predicts incorrect industry for the
employer. For example, “CGB Enterprises” is a valid Unnor-
malized name, and is normalized to “CGB Enterprises, Inc.”,
which is a transportation company, and is labeled correctly in
the KB. However, the model predicts it as a non-transportation
employer. The reason for this is that the employer name does
not contain any keywords in the vocabulary for transportation
industry, and moreover, the most frequent jobs posted by this
employer are non-technical jobs like “Landscape Laborer”,
“Operations Manager”, which are not related to transportation
industry. We assumed that the most frequent jobs posted by an
employer are related to its industry, however this is an example
where the assumption does not hold true.

V. DISCUSSION AND FUTURE WORK

Our method is based on the assumption that the most
frequent jobs posted are related to the employer’s industry.
However, it might not hold true because the number of jobs
and the types of jobs posted by an employer can change
with time depending on the vacancies they have. To solve
this problem, we wish to include additional features such as
employer description (which can be obtained from some of
the job postings and the employer’s website, e.g., the text
under the “About Me” webpage). We can also include features
derived from the text of the job description, e.g., binary
features indicating if specific keywords occur in job content.

During our experiments, we also tested our method on
one more industry which is Staffing Agencies. However, we
observed that the precision and recall values were quite low
for this industry. Through error analysis, we realized that our
current job title features are not useful for staffing industry
classification. Most of the jobs in the staffing industry are
directly related to specific industries that the staffing compa-
nies focus on (like health care) and are very diverse (e.g.,
including all kinds of jobs in the health care industry). Thus,
in future, we might need to include other features such as
entropy of normalized titles to handle such industries. We can
also consider job descriptions and search for phrases indicating
staffing industry such as “our client is looking for”, or phrases
which indicate a direct employer such as “Equal Employment


