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Abstract. User-generated content (UGC) is a fundamental source of infor-

mation for the study of consumer behavior, product development, and to assess 

the quality of service. The expansion of branded content, published and mixed 

with “ordinary” UGC on the same online platforms, blurs the notions of which 

content should be considered for these studies. This contribution draws on the 

notion of “authenticity” to offer a taxonomy distinguishing “branded” from 

“organic” content and presents a computational method to detect branded con-

tent in UGC. 
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1 Introduction: Defining UGC and “Authenticity” 

“User - generated content” (UGC) is a broad denomination covering the textual and 

visual elements produced by individuals and published online, typically on social 

media in the form of private and public conversations, posts, comments and on e-

commerce platforms in the form of reviews, ratings and comments. UGC is often 

perceived to be a distinctively “authentic” form of content when compared to alterna-

tive sources of information, which explains its strong appeal to consumers to inform 

their purchase decisions and to researchers investigating consumer sentiment. In this 

contribution, we take a second look at the authenticity of UGC, by offering a matrix 

crossing six components of authenticity with different types of UGC – including 

branded content posted by influencers. Based on this taxonomy, we then present a 

method to improve the detection and removal of branded UGC from a corpus. 

UGC has been deemed valuable as a source for text analysis in market research [4, 

14] as it can provide near real-time, high volume customer sentiment and customer 

feedback on their experiences at reduced cost, which classic sources for market re-

search such as focus group, poll or surveys struggle to achieve. Product reviews have 

served identifying customer needs [38] and the product features which can meet these 

needs [7, 9]. Reviews can help assess the quality of service, for instance in the hospi-

tality industry [6, 25, 30]. 

A (sometimes implicit) assumption made when performing analysis on UGC is 

that, besides the convenience to collect it, it derives a special value from a series of 

qualities, which can be summed up as “authenticity”. “Authenticity” of UGC would 

stem from the fact that it is contributed in an unsolicited manner (as opposed to opin-

ions shared in response to polls or surveys), in natural settings (when contrasted with 
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the experimental environment of a focus group), and independently from editorial 

supervision and professional hierarchies (contrary to the content produced by tradi-

tional news media). As such, UGC is considered a trustworthy reflection of consumer 

knowledge and sentiment [17, 37, 39]. When UGC is analyzed in market research 

with text mining, which “can reveal patterns of attention or focus of which the speak-

er may not be conscious” [14], the assumption is reinforced that UGC would grant an 

unmediated access to the candid, “authentic” state of mind of the content producer. 

The assumption of the unqualified authenticity of UGC can however be easily 

questioned. Is the post by an influencer promoting a product as “authentic” as the post 

by an ordinary, amateur individual discussing their recent experience of the same 

product? Disentangling the issue requires first to unpack the multifaceted notion of 

“authenticity”. The concept is usefully decomposed from the perspective of the con-

sumer’s experience by Nunes et al. [28], through their qualitative fieldwork examin-

ing data collected directly from consumers. Their study validates a definition of au-

thenticity as a “holistic consumer assessment determined by six component judgments 

(accuracy, connectedness, integrity, legitimacy, originality, and proficiency)” (see 

Table 1). 

Table 1. Components of authenticity, from Nunes et al. [28]. Used with permission. 

 

 

 

 

 

 

 

 

 

A second step to comprehend better how UGC relates to the notion of authenticity 

requires to trace a clear and meaningful delineation between the different types of 

motivations driving the creation of otherwise similar content. In the following, we 

will designate the content created by authors who post without an ulterior motive as 

“organic UGC”: authors are intrinsically motivated, and the content is not created for 

(typically) monetary gain. 

In contrast, “influencers” will be defined as authors who publish content for extrin-

sic motives, deriving typically from a contractual commercial partnership with a 

brand [34] or from the participation to a referral program [24]. A common extrinsic 

motive is monetary or material gain, which rejoins established definitions of “branded 

content” in the industry: content which is at least partially funded and created for 

marketing purposes [2, 11]. Hence, we will define influencers as producers of branded 

content. 
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2 A Taxonomy of UGC and Their Authenticity 

With these conceptual and terminological clarifications at hand, we can draw a 

taxonomy of different types of UGC according to the six components of authenticity 

identified by Nunes et al. [28]. The taxonomy includes “organic UGC” and “branded 

content” as defined above with three other types of content (user generated or not) 

which are typically also posted and mixed with UGC on the same online platforms: 

advertisements, spam and fake reviews [15, 19, 29] (Table 2). 

Table 2. Taxonomy of different types of UGC (plus advertising) and their relative strengths on 

the components constituting “authenticity” (as defined by Nunes et al. [28]), from the point of 

the view of the consumer’s experience. 

 

The table illustrates the contrasted scoring of different kinds of UGC on the six 

components forming authenticity. Spam and fake reviews stand out as uniformly 

weak on all components. The remaining types follow different logics. Organic UGC 

scores the highest on integrity and accuracy, but the lowest on legitimacy. Advertise-

ments score the highest on legitimacy and proficiency, but the lowest on integrity. 

A perspective per type of UGC provides an interesting view on a possible reason 

why the market for branded content and influencers is growing exponentially [11]: 

branded content scores high on connectedness and proficiency, all while remaining 

relatively legitimate (more than an advertisement) as they produce content in a more 

established, standard style than the ordinary, amateur user posting on the same topic. 

 licit types of content 
illicit or illegitimate 

types of content 

 “organic 

UGC” 

Branded 

content 
Advertisement Spam 

Fake 

reviews 

Accuracy 
Medium to 

strong 

Weak to 

medium 
Medium Weak Weak 

Connectedness 
Medium to 

strong 

Medium to 

strong 

Highly depend-

ent on the cam-

paign 

Weak Weak 

Integrity Strong 
Weak to 

medium 
Weak to medium Weak Weak 

Legitimacy 
Weak to 

medium 
Medium Strong Weak Weak 

Originality 

Highly de-

pendent on 

the individu-

al 

Highly de-

pendent on 

the influencer 

Highly depend-

ent on the cam-

paign 

Weak Weak 

Proficiency 

Highly de-

pendent on 

the individu-

al 

Medium to 

strong 
Strong Weak Weak 
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3 The Case for Isolating Branded Content from UGC for 

the Study of Authentic Consumer Sentiment 

Are all types of UGC to be considered for all types of inquiries? Studies concerned 

with the magnitude and spread of (dis)information typically include all forms of UGC 

– including spam and fake reviews - to feed into their analysis [10, 26, 39]. In con-

trast, studies investigating consumer sentiment would be tainted by the inclusion of 

spam and fake reviews. Marketers and researchers are reminded that they “should 

vigorously identify and isolate these predatory comments from the analysis” [31]. A 

large research stream has detection methods for the removal of spam and fake reviews 

[15, 16, 29, 35]
1
. 

For the purpose of investigating the formation of consumer sentiment, branded 

content and advertisements must naturally be included in the investigations mapping 

the information flowing along the ties connecting taste makers and susceptible mem-

bers in online social networks [1], contributing to identifying the dynamics of infor-

mation sharing and the determinants of virality [34, 36]. 

The characterization of the state of consumer sentiment would presumably require 

a different approach. While consumer sentiment is indeed shaped by the variety of 

online contents it coexists with – branded content, ads, spams and fake reviews – it 

arguably relates to a distinct subset of UGC, which we named “organic content”: the 

content posted by ordinary, intrinsically motivated individuals sharing their thoughts 

transparently. This subset matches most of the components of the definition of au-

thenticity offered by Nunes et al. [28], which is coherent with the notion that consum-

er sentiment would reflect the “authentic” expression of consumers. 

Detecting branded content would allow for more accurate consumer sentiment 

analysis, centered on organic UGC, reflecting consumer’s thoughts with higher fideli-

ty. This would benefit market research tasks performed on UGC which hinge on the 

premise that UGC is the “authentic” reflection of consumer expression. In the follow-

ing section, we offer a preliminary version of a method for the identification of organ-

ic and branded content. 

4 Detection of Branded Posts 

We design a method for detection which follows a rule-based approach derived from 

Umigon, which is a model for sentiment analysis developed by the author [21-22]. 

The model can be decomposed in: 

1. Pre-processing of the UGC: tokenization, detection of phrases, ngrams, removal of 

stopwords. 

2. for each phrase, each n-gram is compared with entries from a lexicon. 

                                                           
1  In practice, the step of spam removal is unfrequently performed (and if so, not documented 

in detail) in marketing research papers on online consumer sentiment. 



 Detection of branded posts in UGC 5 

3. in case of a match, zero or several Boolean conditions attached to the lexicon entry 

are evaluated and return a result: branded content or not. 

4.1 Pre-processing 

Tokenization. Tokenization is performed with a custom parser
2
. The parser splits the 

text at white spaces and identifies a series of categories of tokens: words, emojis, 

emoticons, punctuation signs, “non words” (onomatopes, abbreviations) and white 

spaces. Indices of each token in the text are recorded. 

Phrases. A phrase is defined as a relatively independent proposition in a text. Periods, 

commas, exclamation and question marks all delineate phrases within a text. Paren-

theses and quotes also play this role in a more elaborated way (with a logic of opening 

and closing characters). Identifying phrases can be useful to ignore irrelevant frag-

ments (such as content in parentheses), and to identify tokens at positions with special 

significance in the text – such as a word at the beginning of a phrase, or a punctuation 

sign at the end of it. 

Ngrams. Ngrams are consecutive sequence of terms. We use a custom implementa-

tion which leverages the tokenization and sentence fragment detection presented 

above: ngrams are detected within sentence fragments and are guaranteed not to in-

clude punctuation signs, emojis, emoticons or non words. Ngrams are also filtered to 

remove less frequent ones already included in lengthier ngrams (the trigram “United 

States of” will be removed if the quadrigram “United States of America” appears 

more frequently). 

Stopword Removal. Stopwords are removed, only after processing ngrams so that 

stopwords embedded in ngrams will not be removed: the stopword “of” is removed 

but not when embedded in “United States of America”. 

4.2 Matching with Lexicon Entries 

Each ngram of the text is compared with entries of a lexicon. The lexicon is a list of 

ngrams which are frequently found in branded content. This list is curated by the au-

thor and expands steadily (with 104 entries as of February 2024)
3
. Entries are selected 

by culling “manually” social media posts. UGC which appears to be a form of brand-

ed content is scrutinized for typical semantic features of branded content: 

                                                           
2  The source code of all steps of the method is available under an Creative Commons Attribu-

tion 4.0 International Public License license at https://github.com/seinecle/umigon-family 
3  https://github.com/seinecle/umigon-static-

files/blob/main/src/main/resources/net/clementlevallois/umigon/lexicons/en/9_commercial%

20tone.txt  

https://github.com/seinecle/umigon-family
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 calls to action. Organic UGC rarely includes calls to action while branded content 

often does. 

 addresses to an audience, from the perspective of an unspecified “we” (“we of-

fer…”, “you will appreciate”). 

 use of vocabulary typical of a corporate voice. Organic UGC rarely uses phrases 

like “complimentary”, “for a chance to”, “stoked to”, “boasts” and similar expres-

sions, which are characteristic of an intent to promote or embellish a product or 

service. 

4.3 Evaluating Boolean Conditions 

Lexicon entries alone are frequently insufficiently specific to afford a precise charac-

terization of the content. Each entry can be supplemented by several Boolean condi-

tions which help capture the context of use of the lexicon entry. For instance, the ex-

pression “find out” is not a specific marker of branded content in itself, however when 

used as an imperative at the beginning of a phrase it evokes a clear call to action. The 

condition isStartOfSegment attached to the lexicon entry allows to assess this 

element of context. 40 Boolean conditions have been designed to assist in qualifying 

lexicon entries
4
. 

5 Evaluation 

Four brands have been selected to cover a variety of products and services from a 

hedonist, utilitarian, B2B and B2C contexts: MongoDB (database), Club Med (French 

travel and tourism operator), Veuve Cliquot (Champagne house) and HP printers. A 

search for 200 tweets has been performed in February 2024 for each of them, using 

the twscrape library
5
. A number of tweets were removed as the search term was in-

cluded in the twitter handle, not in the content of the post. The dataset was annotated 

by the author for organic vs branded tone. The coding procedure followed these heu-

ristics: 

 a post with a call to action, or promoting a product or an event, or addressing an 

impersonal audience (“you…”) from an impersonal standpoint (“we…”), will tend 

to be annotated as “branded”. 

 other posts will tend to be annotated as “organic” 

The tweets were analyzed with the method presented in this paper and implement-

ed in the platform Nocode Functions (https://nocodefunctions.com). 

  

                                                           
4  https://github.com/seinecle/umigon-

lexicons/tree/main/src/main/java/net/clementlevallois/umigon/heuristics/booleanconditions 
5  https://github.com/vladkens/twscrape. The search on MongoDB returned 218 tweets and the 

search on HP printer returned 206 results, despite the parameter set. 

https://nocodefunctions.com/
https://github.com/vladkens/twscrape
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Table 3. Evaluation of the method. 

 

 n True 

positives 

False 

positives 

False neg-

atives 

F1 

MongoDB 218 13 1 55 0.32 

Club Med 132 12 0 12 0.67 

Veuve Cliquot 181 5 2 31 0.23 

HP printer 205 4 0 51 0.14 

 

F1 scores are noticeably low. The method offers however promising perspectives, 

for three reasons. 

The method is inherently interpretable, as the internals of rule-based systems can in 

principle be decomposed to reveal the chain of causal processed which led to the clas-

sification outcome [32]. The system presented here can effectively be used to share 

with the analyst a full report of the rules which were followed to arrive at the classifi-

cation of each piece of text
6
.  

The rate of false positive is close to zero: the method is very precise. One of the 

strengths of lexicon-based methods, compared to models based on statistical learning, 

is that expert-crafted rules can be designed with great precision, avoiding the inherent 

element of randomness introduced by a supervised learning approach. The adjunction 

of Boolean conditions to further characterize lexicon entries limits even further the 

rate of false positives, as confounding elements of context can be evaluated and con-

sidered. 

Finally, the recall is very low, due to the very weak coverage of the lexicons. A 

low number of lexicon entries implies that a large number of expressions typically 

characterizing “branded content” are not currently captured by the lexicon. This is 

sometimes described as a limiting factor of all lexicon-based methods [12]. However, 

such methods have proven to be able to achieve high levels of recall in a similar cate-

gorization task (sentiment analysis), leading to F1 scores competitive with large lan-

guage models [23]
7
. The resource needed to achieve such levels of recall, and overall 

precision, is a continuous expansion of the lexicons to gradually expand their cover-

age. This traces an encouraging roadmap for future work. 

  

                                                           
6  Single tests can be performed on the homepage of https://nocodefunctions.com. Text files 

can be analyzed on the same platform, returning explanations for each of the results in a 

spreadsheet format. An API access is also available. 
7  See also the public benchmark: https://github.com/seinecle/umibench 

https://nocodefunctions.com/
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