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Abstract—Corporate reputation is an economic asset and its
accurate measurement is of increasing interest in practice and
science. This measurement task is difficult because reputation
depends on numerous factors and stakeholders. Traditional
measurement approaches have focused on human ratings and
surveys, which are costly, can be conducted only infrequently
and emphasize financial aspects of a corporation. Nowadays,
online media with comments related to products, services, and
corporations provides an abundant source for measuring
reputation more comprehensively. Against this backdrop, we
propose an information retrieval approach to automatically
collect reputation-related text content from online media and
analyze this content by machine learning-based sentiment
analysis. We contribute an ontology for identifying
corporations and a unique dataset of online media texts
labelled by corporations’ reputation. Our approach achieves an
overall accuracy of 84.4%. Our results help corporations to
quickly identify their reputation from online media at low cost.

1. INTRODUCTION

A great variety of firms offer an even greater variety of

products and services to consumers and other
businesses and strive to build up a strong corporate
reputation. Corporate reputation can be defined as the
collective perception and judgment of the sentiment (i.e.,
feeling, opinion) about a corporation and its products or
services by its stakeholders. Reputation as a necessary
condition for differentiation and corporate success has
become one of the central themes in all its facets for both
practitioners and the scientific community [1]. The ability to
quickly assess current movements in the own and the
competitors’ corporate reputation is crucial for operative
decision making, corporate planning and strategy as well as
for external investment decisions.

The important role of corporate reputation has been
confirmed through extensive research. Shefrin and Statman
show that corporations with good reputation represent good
long-term investment opportunities [2]. These corporations
with a good corporate reputation are more likely to receive
funding on the capital markets at better conditions. The
positive relationship between corporate reputation and
investor expectations about a firm has been supported again
later by Shefrin [3] and MacGregor et al. [4] pointing
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toward a stable relationship. Corporate reputation is shown
to be positively related to return on sales and assets, sales,
earnings per share, price-to earnings ratio, dividend yield,
net income of a company, and customer loyalty [5-8].

Studies in the field of corporate reputation [5-8] have in
common that authors use either the Fortune magazine’s
reputation index published in the annual survey “Most
admired companies” or conduct a survey on their own to
measure corporate reputation. The Fortune magazine’s
survey is conducted annually among more than 8000
managers and financial analysts. It rates around 700
companies according to their innovativeness, people
management, use of corporate assets, social responsibility,
global competitiveness, quality of management, financial
soundness, value as a long-term investment and product
quality or service quality.

The use of surveys for measuring corporate reputation
should be assessed critically because it does not cover all
stakeholder groups of a company. It has been shown that the
resulting reputation ratings reflect mostly the perception of
the financial perspectives of a company [9], [10]. Thus, the
meaningfulness of such ratings is limited. Furthermore, the
low update frequency of the reputation index and the
limitation to 700 companies reduces its usability further.
Conducting an own survey is costly, time consuming and
often covers stakeholders only partly (e.g., [3], [8])-

Nowadays, online media represent a very good source for
reputation related comments by customers of companies.
However, measuring corporate reputation from online media
is a dynamic and challenging problem. The Internet in
general extends the reach, speed and intensity of news [11].
There is a great number of online media outlets where
people express their opinions about corporations and their
products. Because of the volumes of textual data, manual
processing is practically impossible. Furthermore, numerous
factors that influence reputation need to be considered.
However, an automatic retrieval approach using textual
content from online media would be an efficient and holistic
way to measure corporate reputation.

We propose to combine an information retrieval approach
with sentiment analysis methods for automatically analyzing
corporate reputation in online media. We contribute an
ontology for identifying corporations in the first place. For
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analyzing corporate reputation in text, we contribute a
unique dataset of human annotated reputation texts. We use
the dataset for corporation-specific reputational sentiment
analysis using a machine learning classier. Our work helps
corporations to efficiently measure reputation, which is an
important factor for the performance of a corporation.

The remainder of this paper is organized as follows. In
section 2, corporate reputation is defined and approaches for
measuring corporate reputation are presented. Section 3
specifies the problem. In section 4, the proposed reputation
measurement approach is described. In section 5, we present
our dataset of annotated reputation texts and evaluate our
reputational sentiment classifier. Section 6 concludes.

II.RELATED WORK

A. Defining Corporate Reputation

Corporate reputation has been a popular topic in different
streams of research, leading to a large amount of definitions
of corporate reputation (e.g. [12-16]). According to [13,14]
we do not use the terms corporate reputation, image and
identity interchangeably. Based on [12-16] we define
corporate reputation as the collective perception and
judgment of the sentiment (i.e., feeling, opinion) about a
corporation and its products or services by its stakeholders.
Corporate reputation can be positive or negative [17].
Corporate reputation arises from the ability of a corporation
to uphold social and institutional norms and values and to
satisfy the needs and desires of its stakeholders. Corporate
reputation forms through the appealing “character” [15] of a
corporation and in the comparison with other entities.

B. Approaches for Measuring Corporate Reputation

Most of the empirical reputation research uses the
Fortune’s magazine “Most Admired Companies” (FMAC)
index for measuring reputation [18]. It is based on a survey
of senior executives and directors conducted annually.
Companies with revenue of at least 10 billion $ and at least
the 15-th biggest revenue in their industry are ranked
according to 9 “attributes of reputation”. The use of
Fortune’s reputation data is rightfully criticized because it
was shown to mostly reflect only the financial performance
of a corporation [9], [10]. Surveying only senior executives
and directors neglects all other stakeholder groups. The
FMAC index also suffers of industry effects because the
surveyed managers are explicitly asked to rate the
corporations in comparison only to the other corporations in
a particular industry [19]. The limited availability and
frequency of reputation data (i.e., the reputation index refers
to only the largest corporations) further limits the use of
Fortune’s index for operative decision making.

“Britain’s most admired companies” (BMAC) of
Management Today offers another publicly available
reputation index. It is structurally very similar to the FMAC
[20]. Similarly to FMAC, mangers rate companies according
to nine [20]. The critique to FMAC largely applies to
BMAC as well because of the similarities between the two
surveys.
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“Reputation Quotient” (RQ) is a reputation ranking of the
60 “most visible” companies in the U.S. [21]. The
companies are rated on 20 attributes distributed over six
components of corporate reputation [21]. 22480 randomly
selected respondents’ rated one or two companies. Each
company is rated by at least 279 people. RQ is theoretically
more founded than FMAC/BMAC but its commercial
orientation complicates a closer examination. The fact that
only the 60 most popular companies at the time are rated
limits the usability both for research and practice because of
resulting gaps in the time series and the small amount of
observations.

Reputation can be also measured by conducting an own
survey. This technique was employed by [3], [8], [22-24].
Modifications of the classical written (online) surveys like
Verbal Protocol Analysis (taping, coding and analyzing the
answers of respondents) [23] and the use of personification
metaphor (rating a corporation on a five-point scale in
regard to 42 items that load onto five orthogonal character
factors) [25] have also been proposed.

C. Research Gap

The reviewed studies on corporate reputation
measurement have one major flaw: they do not cover all
relevant stakeholder groups. This fact draws attention to the
difficulty of conducting a representative survey of corporate
reputation: it is very costly and time consuming. Conducting
such a survey on a regular basis and for many corporations
is practically impossible for smaller corporations.

We propose a different approach to measure corporate
reputation in an automatic, efficient, and more holistic way
by retrieving corporate reputation-related textual content
from online media and using a sentiment analysis approach.

III. PROBLEM SPECIFICATION

A document from online media may express reputational
sentiments on multiple corporations [26]. Sentiments
referring to multiple corporations can have different
sentiment polarities. The problem is to classify the
reputation sentiment polarity contained in a document with
respect to each sentiment object separately. By classifying
reputation sentiment, all factors influencing reputation
should be considered.

IV. APPROACH

This section describes our approach for extracting
corporate reputation from online media texts. A machine
learning based classifier is used for reputational sentiment
classification. This approach does not require costly and
time-consuming optimization of a knowledge base [29]. It is
computationally efficient due to the linear classifier [30].

First, each document was pre-processed with natural
language processing techniques, similarly to [27]. The
preprocessing includes tokenization, sentence splitting, part
of speech (POS)-tagging, and morphological analysis for
lemmatization. Following [27, 28] the pre-processing was
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implemented by GATE’s information extraction system
[31].

The pre-processing includes ontology-based entity
recognition. For this purpose, an ontology was developed
based on [27]. The ontology contains all corporations from
the Dow Jones Industrial Average, S&P 500 and S&P 600
indices, and various European and US banks that are also
present in our reputation text dataset. For each corporation,
hand-curated labels were defined for textual identification.

Second, we extracted relevant text segments that refer to a
certain corporation, which were identified by the ontology.
Following [32], the relevant text segment is defined as 25
words either side of the mention of a corporation. Then, all
text segments referring to the same corporation within one
article are concatenated.

Third, a linear kernel soft-margin Support Vector
Machine (SVM) is applied successively on each of these
text sections, as it has been shown to perform text
classification tasks on state-of-the-art level, when given
limited training data [30], [33]. We used the default
hyperparameter configuration of SVM. The hyperparameter
of the SVM for the costs associated with allowing training
errors was set to 1. The features used by SVM are frequency
counts of unigrams in a document [34]. The feature space of
SVM contains only tokens of type “word” normalized by
root (i.e., lemmatized words). Feature selection has not been
used [35]. The result is a corporation-specific reputational
sentiment (positive / negative) on document level.

V. EVALUATION

The evaluation compares the classifier’s results to the
gold standard, provided by a dataset of reputation-related
texts, which have been annotated by humans for reputational
sentiment.

The dataset consists of 688 text documents from online
media related to corporations’ reputation. The documents
were annotated by reputation experts from the banking
sector, considering all factors that can influence reputation.
Each document was annotated with a fuzzy sentiment label,
i.e. each document was annotated with a specific degree of
membership to the classes of positive and negative
sentiment. The positive and negative membership degrees
have five values each with an ascending degree of
membership. In this work, binary annotations were derived
from fuzzy sentiment labels by the following rule:
documents with a higher positive than negative degree of
membership is part of the positive class and all other
document are part of the negative class. The positive class
contains 40% of the documents of our dataset and the
negative class 60%.

The dataset was annotated in three rounds: The first round
consisted of 269 documents and was annotated by three
experts. The dataset was randomly divided among the
annotators so that each document was annotated by at least
one annotator. In the second round, 394 documents were
annotated by four annotators. Again, each document was
classified by at least one randomly chosen annotator. In a
third round, one annotator annotated 25 documents.

TABLE L.
CLASSIFIER PERFORMANCE
Precision Recall F-Measure Accuracy
Positive 87.8% 70.8% 78.4% 84.4%
Negative 84.2% 91.1% 87.5% 84.4%
Micro Avg. 85.4% 83.0% 84.2%

To evaluate the agreement among annotators for the
reputational sentiment annotations, Fleiss’ Kapa inter-rater
agreement for nominal scaled values with more than two
raters was used [36]. In the first round, 27 documents have
been annotated by all three annotators and considering only
the positive and negative class, Fleiss’ Kappa of these
annotations is 0.78. In the second round, all annotators
annotated each of 49 documents. The Fleiss’ kappa from
these 49 documents’ annotations is 0.66. We consider the
level of agreement fairly well, thus the corpus can be used
for evaluation of our classification approach.

Following [38, 37], stratified ten-fold cross validation was
used. After classifying every document with the classifier on
a test subset, we calculated the standard information
retrieval metrics and micro averaged them [39].

Table 1 shows the evaluation results. Our approach could
not recognize corporations or sentiment in 19 documents,
which were not included in the evaluation. Our accuracy of
84.4% is comparable to results from state of the art
sentiment classification research [35], [40].

VI. DISCUSSION

The contribution of this work is an information retrieval
approach for efficiently and comprehensively analyzing
corporate reputation automatically from online media texts.
Our approach builds upon an ontology for identifying all
text parts relating to the same corporation. We contribute a
unique dataset of labelled corporation reputation texts (see
https://wi2.uni-hohenheim.de/analytics) and wuse it for
corporation-specific reputational sentiment analysis by a
machine learning method. The evaluation of our approach
shows an overall accuracy of 84.4%.

A limitation of this work is that the neutral sentiment
orientation is omitted, because [32] have found sentiment
classification performance to be substantially higher when
omitting the neutral class. We deliberately did not use deep
learning techniques because the size of our dataset is too
small. That is, the size of our dataset is a limitation.
However, human annotation is costly and the size of our
dataset is not much smaller than related work (e.g., [32]).

From a managerial perspective, our work helps to
efficiently measure corporate reputation in on online world
where news and opinions travel fast. Thus, managers can
make better decisions by constantly monitoring reputation.

Future work points to comparing our measure of
corporate reputation for online media with existing survey-
based measures to gain insights about measurement validity.
Furthermore, our measure of corporate reputation should be
empirically validated by its ability to sense impacts on the
financial and economic prospects of a corporation.
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