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	Table A1:  Synopsis of Topic Modeling Applications in Marketing

	
	Mainly Model Validation
	Mainly Explorative Research
	Units are Already Present
	Automatized Recognition of Discrete Units
	Extraction of Manually Predefined Groups
	Algorithmic Generation of Entirely Artificial Data
	Generation of Data Based on / Including Real Data
	Output of TMs as Research Results
	Output of TM for Further Model / Research Aim
	Output of Other Methods / Models as Input for TM
	Several TMs in a Common Framework
	Integrating Additional Variables
	Changing Inference Method
	Changing Basic Assumptions
	Introducing Constraints
	Computational Performance
	Optimal Parameter Settings
	Model Fit (In Sample & Predictive Out of Sample)
	Closer Analysis of Clustering Output
	Analysis of the Estimator (for Inference)
	Human Ratings / Scores
	External Reports & Categories
	Traditional Clustering Techniques
	Specific Metrics in a Field
	TM to other TMs
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	Table A2: Papers with Marketing Specific Research Aims Utilizing Topic Models
	Source*
	Online Textual Consumer Reviews & Services Research
	Mukherjee and Liu 2012
(C)
	Titov and McDonald 2008
(C)
	Büschken and Allenby 2016 
(J)**
	Tirullinai and Tellis 2014 
(J)**
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	
	Subcategory
	
	Aspect extraction
	Aspect extraction
	Assessing the current market positions of brands & products
	Assessing the current market positions of brands & products
	

	
	Main category
	
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	

	
	Conceptualization of data
	
	-
	Documents = online reviews
Global topics = document level co-occurences of words
Local topics = co-occurences of words in a sliding window in documents (local context of word)
Words = words
	Documents = 1 online consumer review
Topics = Topics (sentence constrained = 1 Topic per 1 sentence)
Words = Words
	Documents = individual product review
Topics = topics (dimensions of quality of products)
Words = words
	

	
	Method
	
	SAS (Seeded Aspect and Sentiment Model) + ME-SAS (Maximum Enthropy Seeded Aspect and Sentiment Model)
	MG-LDA (Multi grain LDA)
	SC-LDA (Sentence Constrained LDA)
	LDA (extended)
	

	
	Description of data
	
	101,234 reviews, 692,783 sentences
	For qual. analyses: reviews on: Mp3 Players (3,872), hotels (32,861), restaurants (32,563)
For quant. analyses: 27,564 text reviews on hotels + ratings (1-5) on 6 categories on TripAdvisor.com
	-
	Textual online product reviews across 15 firms in 5 markets over 4 years.
	

	
	Data in main study
	
	textual: hotel reviews
	textual: online reviews
	- text (consumer reviews)
	- text (product reviews)
	

	
	Examined object
	
	tripadvisor.com
	For qual. analyses: Google Product Search & Google Local Search
For quant. analyses: TripAdvisor.com
	expedia.de
we8there.com
	online product reviews
	

	
	Research interest
	
	Aspect extraction from online hotel reviews using semi supervised models (with seed words)
	Extracting ratable (detailed) aspects of objects (e.g. products) from online reviews
	Online (textual) consumer reviews on brands
	Online brand reviews to e.g. map brands on quality dimensions
	



	Source*
	Büschken and Allenby 2017
(W)
	Blei and McAuliffe 2010 (C)
	Calheiros et al. 2017 (J)**
	Dan et al. 2017 (W)
	Ha et al. 2017 (J)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Effect of punctuation & conjunction on topic carryover
	Movie & web-pages ratings predicted from users' text comments
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	

	Main category
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	

	Conceptualization of data
	1 Document = 1 review
Topics = word co occurence patterns (constrained)
Words = words
	Document = 1 users' review
Topics = distributions over words
Words = words
	Documents = online & offline reviews
Topics = cooccurences of words
Words = lexicon terms & words
	Documents = online reviews
Topics = word cooccurences
Words = words
	Documents = postings
Topics = word cooccurences
Words = words
	

	Method
	AT-LDA (Autocorrelated Topic Model)
	sLDA (supervised LDA)
	LDA
	LDA + LRR (Latent Rating Regression)
	DTM (Dynamic Topic Model)
	

	Description of data
	- expedia.com: 3,214 reviews of 5-star hotels in Manhattan, 78,136 words, 1,615 unique terms;
- we8there.com: 696 reviews of Italian restaurants, 47,948 words, 2,416 unique terms;
- we8there.com: 1,324 reviews of American restaurants, 100,179 words, 1,461 unique terms;
- amazon.com: 2,100 reviews of camping tents, 90,980 words, 1,340 unique terms;
- amazon.com: 4,438 reviews of power drills in a price range of 100-150 Dollar, 68,917 words, 1,232 unique terms.
	The movie reviews corpus contains 5006 documents, 1.6M words, 5k term vocabulary. The digg.com dataset contains 1 year of reviews (link descriptions), they restrict their data to the techology category, resukting in a 4,145 term vocabulary, 4,078 documents, 94K words.
	401 online review comments between January & August 2015
	- 100,000 online hotel reviews
- vocabulary size: 24,500
	- 4,216 posts between June 2016 and November 2016 from the subreddit "smartwatch"
	

	Data in main study
	- 5 datasets to validate model
textual (online reviews), punctuation & conjunctions in sentences (as topic carryover signals), overall product ratings of reviewers
+ simulation study (additionally)
	- (2 datasets to validate the model)
- text (users' comments on web pages and movies)
- ratings (of users of web pages and movies)
	- textual: customers' online & offline hotel reviews
	- textual: online hotel reviews
- ratings: online review ratings
	Online product reviews
	

	Examined object
	online reviews, 5 datasets:
- expedia.com (luxury hotels)
- we8there.com (Italian restaurants)
- we8there.com (American restaurants)
- amazon.com (camping tents)
- amazon.com (power drills)
	Digg + movie reviews in a newspaper
	TripAdvisor, Guest's book, Follow-up emails, Evaluation website, Direct emails, and others
	Trip Advisor
	Reddit
	

	Research interest
	Effect of punctuation & conjunction on topic carryover in sentences
	Predicting users' web-pages & movie ratings based on their textual comments
	Sentiment classification of online & offline reviews
	Latent aspect rating detection
	Examining user perceptions of a smartwatch
	



	Source*
	Han et al. 2016 (J)
	Jeong et al. 2017 (J)
	Jo and Oh 2011
(C)
	Knights et al. 2009 (C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	

	Main category
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	

	Conceptualization of data
	Document = review
Topics = Word co-occurences
Words = words
	Documents = online customers' reviews
Topics = word cooccurences
Words = words
	(For ASUM) 
Document = online review
Topics 1 = sentiment distribution (sentence constrained)
Topics 2 = aspect distributions (words) (sentence constrained)
Words = sentiments & words
	Documents = comments in blog posts aggregated to 2 documents (2 points in time)
Topics = distributions over words (T = TDuTD'); D & D' are 2 datasets, of which both have their topic distributions T & T';
Words = words
	

	Method
	LDA
	LDA
	SLDA (Sentence-LDA) + ASUM (Aspect and Sentiment Unification Model)
	Compound Topic Model
	

	Description of data
	5,830 reviews on 57 hotels in Moscow (Russia) in English language from January 2012 to December 2013;
	- 3,539 keywords in 11,123 documents from the Subreddit "SGN5" between 11/2014 and 01/2016
	- electronic devices reviews on Amazon: 24,184 reviews from 7 categories: air conditioner, canister vacuum, coffee machine, digital SLR, laptop, MP3 player, space heater;
- restaurants: 320 most rated restaurants in 4 cities: Atlanta, Chicago, Los Angeles, New York City; 27,458 reviews (randomly selected)
	The textual weblog posts contain online user conversations related to Toyota & iPhone.
	

	Data in main study
	- textual: online hotel reviews
- online hotel ratings
- type of traveler, e.g. solo, business, etc.
	textual: online customers' reviews
	textual: online reviews
	- (2 datasets to validate the model)
- text (online user conversations)
	

	Examined object
	TripAdvisor
	Reddit
	Online reviews on: 
- electronic devices (from Amazon)
- restaurants
	simulation data + weblog posts
	

	Research interest
	Analyzing topics in online hotel reviews and their association with online ratings
	Product opportunity mining based on customers' topics and sentiments
	Topics and Sentiments in Online Reviews
	Analyzing online user-generated content & the evolution of conversation topics over time induced by product releases & news events
	



	Source*
	Lakkaraju et al. 2009
(C)
	Lu et al. 2011
(C)
	Moghaddam and Ester 2012
(C)
	Putri and Kusumaningrum 2017
(C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	

	Main category
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	

	Conceptualization of data
	Document = 1 review
Facet topic = distribution over facet words
Sentiment topic = distribution over sentiment words
Syntactic classes topic = distribution over facet, sentiment & background distributions
Words = Words
	(For STM): 
Document = online review
Topics = word co-ocurrences
Words = words
	Document = online review
Topics = word co-occurences (+ depending on the model: ratings)
Words = words (+ depending on the model: ratings)
	Documents = online user reviews
Topics = topics
Words = words
	

	Method
	FACTS model + CFACTS model + CFACTS-R model
	Multi aspect sentence labeling
	LDA, S-LDA, D-LDA, PLDA, S-PLDA, D-PLDA
	LDA
	

	Description of data
	Online reviews from Amazon under the following product categories: digital cameras (61,482 reviews), laptops (10,011 reviews), mobile phones (6,348 reviews), LCD TVs (2,346 reviews), printers (2,397 reviews)
	OpenTable.com: 29,596 reviews and their associated overall, food, service & ambiance ratings for all restaurants in the New York/Tri-State area; it is used for the multi aspect prediction task;
CitySearch.com: which is an annotated dataset which is why they evaluate their multi aspect sentence labeling task on it; it was manually labeled into: food, service, ambiance, price, anecdotes, miscellaneous; it consists of 652 restaurant reviews;
TripAdvisor: 66,512 reviews to evaluate their multi-aspect rating prediction; each review has an overall rating and ratings on 7 aspects:  value, room, location, cleanliness, check-in/front desk, service, business services.
	505,978 reviews from Epinion.com about 94,792 products from 257 different product categories (e.g. camcorder, cellular phone, digital camera, etc.)
- one model i learnt per product (due to product specific aspects and ratings)
	100 reviews in English language for 2 sentiment classes, while each class consists of 50 reviews
	

	Data in main study
	textual: online reviews
product ratings by the reviewer
	textual: online hotel & restaurants reviews
ratings: overall and aspects
annotations / manual labels
	- textual: online product reviews
- ratings (star ratings)
	textual: online reviews
	

	Examined object
	Amazon online reviews
	OpenTable
CitySearch
TripAdvisor
	Epinions.com
	TripAdvisor
	

	Research interest
	Finding product features and sentiments in online reviews via text and product ratings
	Topics from online reviews and multi-aspect sentence labeling (a label is assigned according to a topic discussed) & (star) rating prediction
	Online Review Topics (product aspects = component of a product, like battery of a laptop) + Aspect Rating Prediction in the context of different models to capture the impact of major modeling decisions
	Using topic models to classify online tourism reviews based on sentiments for Indonesia
	

	Source*
	Rahman and Wang 2016 
(C)
	Schieber 
et al. 2011 (C)
	Wang et al. 2011
(C)
	Chen et al. 2013 (W)
	Paul and Girju 2009 (C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Opinions on products & brands
	Opinions on products & brands
	Opinions on products & brands
	Preferences of target groups & market segments characterizations
	Preferences of target groups & market segments characterizations
	

	Main category
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	

	Conceptualization of data
	Document = online review 
Topics = compound of latent aspects & sentiment polarity
Words = words
	Document = 1 Twitter posting
Topics = distributions over words
Words = words in postings
	Documents = online reviews
Topics = co occurences of words
Words = words
	Documents = online user postings
Topics = distributions over words
Words = words
	Documents = each thread or discussion (of multiple messages) on a particular travel topic
Topics = distributions over words (each topic is associated with 2 classes of word distributions: one that is shared among all collections & one that is unique to the collection from which the document comes;)
Words = words
	

	Method
	HTSM (Hidden Topic Sentiment Model)
	LDA
	LARAM (Latent Aspect Rating Analysis Model)
	LDA + Network Visualization
	LDA (extended: Cross-Collection LDA)
	

	Description of data
	4 categories of product reviews: camera, tablet, tv, phone;
- Amazon: number of reviews: camera: 6,919, tablet: 6,147, tv: 4,729, phone: 6,899;
- NewEgg: number of reviews: camera: 3020, tablet: 407, tv: 1,662, phone: 268;
- Vocabulary size: camera: 1,406, tablet: 1,515, tv: 1,410, phone: 1,282;
- positive ratio: camera: 0.606, tablet: 0.494, tv: 0.551, phone: 0.530
	Textual Twitter postings retrieved by entering search strings in twitter (3D, Sony 3D, Sony 3D KDL) and crawling the resulting postings.
	hotel reviews (37,181 reviews on 2,232 items from 34,187 reviewers) and MP3 player reviews (16,680 reviews on 686 items from 15,004 reviewers)
	-
	-
	

	Data in main study
	- textual: online product reviews 
- sentiment labels: positive / negative sentiment  categories of sentences
	- text (postings)
	- textual: online hotel reviews (TripAdvisor)
- online product reviews (Amazon)
- ratings: overall and aspects (1 to 5 stars)
	- text (online discussions)
- author information
- network data
	- (2 experiments to validate the model)
- text (discussions and postings in blogs & forums)
- country information (travel destination)
- author information (blogs written by locals vs. tourists)
	

	Examined object
	Amazon
NewEgg
	Twitter
	TripAdvisor
Amazon
	PatientsLikeMe.com
	blogs + forums on traveling
	

	Research interest
	Modeling topics and sentiments in online product reviews
	Modeling topics & the people's opinions in Twitter postings about products
	Finding topics, latent topic ratings and weights in online hotel and product reviews
	Cluster patient experiences & visualize links between topics to e.g. combine post content & attributes of post authors (like age, gender, etc.)
	Textual analysis to find differences in services related to traveling by country & travelers vs. locals
	



	Source*
	Yang et al. 2015 (C)
	Park and Ha 2016 (J)
	Si et al. 2014 (B)
	Sales / Retailing
	Hruschka 2014 (J)**
	Hruschka 2016 (W)
	Ishigaki 
et al. 2015 (W)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Preferences of target groups & market segments characterizations
	Product & service aspects / categories consumers frequently tend to criticize
	Product & Service Aspects / Categories Consumers frequently tend to Criticize
	
	Buying patterns & purchase predictions (offline)
	Buying patterns & purchase predictions (offline)
	Buying patterns & purchase predictions (offline)
	

	Main category
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	Online Textual Consumer Reviews & Services Research
	
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	

	Conceptualization of data
	-
	Documents =  each review is treated as a single document
Topics = distributions over words
Words = words
	1 Document = 1 textual online review
Topics = distributions over words, each sentence gets a topic assignment
Words = words
	
	Documents = market baskets
Topics = latent activities of consumers
Words = product categories
	Document = purchase basket 
Topics = (latent structure of purchase indicences co-occurences
Word = (binary) purchase indicence of a product category
	Documents = household bills
Topics = latent purchase patterns (responding to different needs, e.g. family dinner)
Words = purchases of products across product categories
	

	Method
	USTM (User Aware Sentiment Topic Models)
	LDA
	KMM (permutation-based structural topic model)
	
	LDA + CTM (Correlated Topic Model)
	LDA, CTM (Correlated Topic Model) (+ other methods)
	Voting Block Model (extended)
	

	Description of data
	The sentiment word list (positive, neutral, negative) serves as prior definition for all words in the corpus.
	-
	-
	
	18,000 market baskets of purchases within 60 product categories
	Publicly available dataset of real world point-of-sale transactions from a local grocery outlet; 30 days of data, 9,835 market baskets, 169 product categories
	Data from 2002, containing 94,297 transactions, 1,650 customers, 500 items
	

	Data in main study
	- (2 datasets to validate the model)
- text (consumer reviews)
- user meta data
- sentiment word list (positive, neutral, negative)
	- text (consumer reviews)
	- text (consumer reviews)
- UserID
	
	- purchase baskets
	- purchase baskets
	- purchase records
- marketing variables (price, display, feature)
	

	Examined object
	FordForum.com + TripAdvisor
	consumeraffairs.com
	amazon.com + OpinionRank
	
	medium sized supermarket
	purchase data
	simulation data + general merchandise store
	

	Research interest
	User metadata (e.g. age, gender, location) combined with topics and sentiments in online consumer reviews for market segment analysis (e.g. preferences, etc.) for the automotive industry and hotels
	Finding & categorizing online complaints about services failures
	Discover interest groups (e.g. to understand major & potential consumer's concerns) in online product and hotel reviews
	
	Analyzing product categories in purchase baskets in relation to latent consumer activities
	Comparing different hidden variable models in their ability to reproduce purchase incidence data
	Modeling household purchase patterns
	



	Source*
	Schröder 2017 (J)**
	Christidis and Mentzas 2013 
(J)
	Iwata and Sawada 2013 (J)
	Jacobs 
et al. 2016 
(J)**
	Sun et al. 2013 (C)
	Do and Gatica-Perez 2010 (C)
	Blanchard et al. 2017 
(J)**
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Buying patterns & purchase predictions (offline)
	Buying patterns & purchase predictions (online)
	Buying patterns & purchase predictions (online)
	Buying patterns & purchase predictions (online)
	Buying patterns & purchase predictions (online)
	Consumer profiling (mobile apps)
	Consumer profiling (online)
	

	Main category
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	Sales / Retailing
	

	Conceptualization of data
	Document = market basket of household i
Topics = latent traits
Words = product categories
	Documents = item / item descriptions
Topics = distributions over words in item descriptions
Words = words
	Documents = user's purchase logs (which consist of purchased items & their prices) 
Topics = clusters of concurrently purchased items (a topic has its own price distributions for each item as well as an item distribution - LDA extension)
Words = items + prices (LDA extension)
	Document = 1 customer's purchase history
Topics = represent a certain preference for products
Words = product purchases
	Documents = a user's purchase history
Topics = customer's purchasing preferences
Words = each purchased product
	Documents = user specific days with mixtures of usage patterns of multiple applications
Topics = usage patterns of multiple applications
Words = levels of phone usage over multiple times of the day
	Documents = set of consumer generated piles represent the set of documents
Topics = summary piles
Words = the brands / items represent the available words and consist of the entire vocabulary
	

	Method
	MIRT + LDA (for comparison only)
	LDA
	LDA (extended)
	LDA-X, MDM (Mixtures of Dirichlet Multinomials)
	LDA + LDA (extensions: 2x: PCIM (Product-centric Inference Model) & GICIM (Group-initiator-centric Model))
	ATM (Author Topic Model) (slightly adapted)
	LDA as evaluation method
	

	Description of data
	IRI dataset of a single store in 2001 with 8,531 weekly transactions of 1,237 households across 31 different product categories.
	-
	Data from February 2009 to Novemeber 2010 in Japan, containing 5,052 items and 48,427 users.
	A medium sized online retailer from the Netherlands provided the data.
	One year of group-purchasing data, which consists of 5,602 users, 26,619 products and 13,609 group-purchasing events. They represent group purchasing events as a directed graph. Each user is a vertex in the graph. For every group-purchasing deal, they build directed edges from each group member to the initiator, resulting in 5,602 vertices and 16,749 edges.
	230,000+ hours of real-life app phone log data, creating artificial words from clusters of usage before analysis.
	-
	

	Data in main study
	purchase data ordered as: 
- binary data
- polytomous data
	- marketplace items
- text (item descriptions)
	- purchase data
- price information
	- purchase history
- customer characteristics
	- purchase history
- product description (e.g. discounted price, limited quantity, product category)
- social data (purchase initiator, group members, friendship structure, group size)
- time period in which the deal is active
	- mobile apps usage data:
  - which app (voice, sms, internet, camera, gallery)
  - how often (no, low, middle, high usage)
  - during which time of the day (4 timeslots)
	- (2 simulated datasets)
- sorting piles (for products and brands)
	

	Examined object
	single store
	online marketplace
	online service for managing household accounts
	medium sized online retailer
	ihergo.com (social media platform for group purchasing events)
	mobile phones
	sorting piles for products and brands (simulation data) + real data: Corp (retailer)
	

	Research interest
	Explain multi-category purchases and evaluate the models MIRT and LDA for that task
	Recommender system for buyers & sellers in e-auction marketplaces
	Analyzing purchase data with price information to find concurrently purchased items
	(Online) purchase predictions
	Predicting group purchase behavior using social network data
	Large Scale patterns of phone (apps) usage data (by which apps people (as mixtures of user profiles) use
	Sorting tasks (to get a set of consumer generated piles) for products & brands to e.g. identify consumers who make similar piles
	



	Source*
	Schröder 
et al. 2017
(C)
	Trusov 
et al. 2016 
(J)**
	Social Media
	Ho and Do 2015 
(J)
	Hu et al. 2013 (W)
	Hu and Ester 2013
(C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Consumer profiling (online)
	Consumer profiling (online)
	
	Discovering communities & topics
	Discovering communities & topics
	Discovering communities & topics
	

	Main category
	Sales / Retailing
	Sales / Retailing
	
	Social Media
	Social Media
	Social Media
	

	Conceptualization of data
	Documents = a list containing all websites visited by an individual online shopper in a calendar week
Topics = latent interests
Words = websites
	Documents = consumer's website visitation profile
Topics = the consumer's different roles (each role is represented as a (Poisson) distribution over different website categories)
Words = number of visits to different categories of websites
	
	Documents = users' posting (containing words, time, author, recipient)
Topics = (users' interests topics vectors)
Words = words, time, author, recipient
	For the topic component:
Document = posting of a user (assumption: each posting has just 1 topic)
Topic = multinomial distribution over the vocabulary; for each topic they represent the community specific temporal dynamics;
Words = words
	Document = postings (text), users (ID) & locations (coordinates) (each document is assigned to one of the topics and regions; users have topic distributions and topics have location distributions)
Topics = co-ocurrences of words
Regions = co-ocurrences of mean locations
Words = words, coordinates/regions
	

	Method
	LDA (basic)
	CTM (Correlated Topic Model) (extended)
	
	TART (Temporal Author Recipient)
	CosTot (Community Specific Topics-over-Time)
	ST (Spatial Topic Model)
	

	Description of data
	1 year of data for websites at which at least 1 purchase was made; 59 categories; 138,213 visits by 7,235 comScore panelists; each visit consists of a list of websites visited by a single individuum during a calendar week;
	-
	
	48,264 messages from 2008 to 2010
	53K users, 2.1M links, 11M posts and 91M words with a vocabulary of size 89K from December 2012 to February 2013.
	-Twitter: unique users=9,508, posts=607,885, locations=3,518
-Yelp: unique users=3,963, posts=107,981, locations=2,951
	

	Data in main study
	clickstream data
	- internet browser's cookies for households:
  - time of webpage visit
  - domain name
  - categories of websites visited
  - duration of visit
- demographics for each household:
  - age
  - income
	
	- text (postings)
- author
- recipient
- temporal
	- text (postings)
- time stamp
- links (between users)
	textual (postings), users, location
	

	Examined object
	comScore Web Behavior Panel 2009 (online users + websites)
	anonymous leading global information and measurement company
	
	social networks in the higher education field in Vietnam
	Sina weibo (Social Media Platform)
	2 experiments / 2 datasets:
- Twitter
- Yelp
	

	Research interest
	Mining online shoppers' website visitation patterns & buying patterns
	Online user profiling for customer targeting in online advertising
	
	Network & text analyses of social media postings & activity
	Community specific temporal topic discovery from
	Predict who posts on what topic and where (which real world location) in Social Media
	



	Source*
	Iqbal et al. 2015 (C)
	Ngyen 
et al. 2015 
(J)
	Pathak 
et al. 2008 
(C)
	Tran et al. 2015
(J)
	Wang et al. 2012 (C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Discovering communities & topics
	Discovering communities & topics
	Discovering communities & topics
	Discovering communities & topics
	Discovering communities & topics
	

	Main category
	Social Media
	Social Media
	Social Media
	Social Media
	Social Media
	

	Conceptualization of data
	Document = all postings of a user
Topics = distributions over words
Words = words
	Documents = each message (from the Yahoo message board) is a mixture of hidden topics and sentiments. Each document in JST is associated with S sentiment labels.
Topics = distributions over words
Sentiments = each of the sentiment lables is associated with a document specific topic distribution with the same number of topics.
Words = words: a word in the document is drawn from a distribution over the words defined by the topic and sentiment label.
	Documents = emails
Topics = set of authors & recipients (community), word co-occurences
	For LDA:
Documents = online postings
Topics = word co-occurences
Words = words
For ART:
Documents = Matrices: TxV (words of the topics) & TxD (topics of the documents)
Topics = each topic is a distribution over words, each pair of sender & receiver has a distribution over topics
Words = words
	Documents = social media postings
Topics = distributions over words
Words = words
	

	Method
	LDA + J48 decision tree
	JST (Joint sentiment topic model) + various methods for comparison
	CART (Community-Author-Recipient-Topic model)
	LDA + ART (Author Recipient Topic Model)
	TM-LDA (temporal LDA)
	

	Description of data
	152 users' English tweets from the PAN 15' dataset
	They use 2 datasets for their stock prediction model which cover a year (2012 - 2013). The first one is the historical price dataset, and the second one is the mood information dataset. The data contain prices for 18 stocks for each transaction date (extracted from Yahoo Finance) and textual information (extracted from Yahoo Finance Message Board) (textual discussions of users about company news, predictions of stocks, facts, comments about company executives or company events).
	emails belonging to 151 users (mostly senior management of Enron) exchanged between mid-1998 and mid-2002: 252,759 emails
	75,740 posts and comments, 2,315 online users, 10 topics, from 2014 - 2015 (2 years)
	34,150,390 million microblog posts from more than 264,628 public user accounts over a period of one moth.
	

	Data in main study
	- text (postings)
- author information (gender, age, 5 personality constraints / traits (extroverted, stable, agreeable, conscientious, open))
	- (2 datasets to validate the model)
- Mood information dataset:
  - text (textual discussions of users)
  - time stamps (transaction dates)
- Price information dataset:
  - prices (open, high, low, close & adjusted close prices)
  - time stamps (transaction dates)
	textual: email texts
links in the social network
	textual: postings of users
	- text (postings) 
- time stamps
- user's geo location
	

	Examined object
	Twitter
	Yahoo Finance + Yahoo Finance Message Board
	Enron email corpus
	Facebook
	Twitter
	

	Research interest
	Predict an author's demographics (age, gender, various personality traits) in twitter from his/her postings
	Predict stock price movements using the sentiment of specific topics of companies (the overall mood to these) from social media (Yahoo Finance Message Boards)
	Topic and Link based community extraction from emails
	Detecting topic based communities in Facebook
	Analyzing & predicting topic distributions in current & future postings of an author (related to his geo location: cities in the U.S.) in social media
	



	Source*
	Xie et al. 2012 (C)
	Yin et al. 2011 (C)
	Luo et al. 2015 (J)
	Heinrich 2015 (W)
	Herzig 
et al. 2014 (C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Discovering communities & topics
	Discovering communities & topics
	Finding influential topics
	Finding topic based influencers
	Finding topic based influencers
	

	Main category
	Social Media
	Social Media
	Social Media
	Social Media
	Social Media
	

	Conceptualization of data
	For LDA: 
Documents = they aggregate all feedback to an effort as a document
Topics = distribution over words
Words = words
	Documents = regions (for the generation of a geographical document they sample a region (discrete distribution) and a location (Gaussian distribution));
Topics = geographical topics = if two words are close to each other in space, they are more likely to belong to the same region. If two words are from the same region, they are more likely to be clustered into the same topic. (But each topic can be related to several regions.)
Words = words
	Document = single microblog posting
Topic = distributions over words
Words = words
	Document = 1 posting in Facebook
Topics = topics
Words = words
	Documents =  tweets in twitter
Topics = distributions over words
Words = words
	

	Method
	LDA + Probabilistic Graphical Model
	LGTA (Latent Geographical Topic Analysis)
	LDA (extended to incorporate various formulas)
	SNI + SCI + IKI + LDA
	LDA + ARI (Author-Reader Influence Model)
	

	Description of data
	The data contains 4 categories, 1,085 brands, 600,000 MBT efforts (i.e. public Facebook posts), 20M users, 35M units of feedback (i.e. user comments)
	They crawled the images with GPS locations through Flickr API for several categories (like landscape). For landscape, they crawled the images containing tag landscape and kept the images containing tags mountains, mountain, beach, ocean, coast, desert around US. They repeated that for other categories as well.
	7,477 posts of a typical skin care company over a period of 46 months from August 2010 to May 2014.
	-
	The dataset was collected during the 2012 US Presidential Elections.
	

	Data in main study
	- text (postings)
- user / account data
- Facebook interactions
	- text (tags/words associated with images)
- location data (for each posting)
	- company's posting information:
  - text (postings)
  - time stamps
  - postingIDs
- consumers' reposting information: 
  - repost UserID
  - repostMsgID
  - repost Time
  - etc.
	- text (postings)
- network data (of the posters)
	- text (postings)
- account data
- retrieved networks
	

	Examined object
	Facebook
	Flickr
	Sina weibo (Social Media Platform)
	Facebook
	Twitter
	

	Research interest
	Macro behavioral targeting (MBT) (audience selection, personalized recommendation, computational ads, etc.) for companies in Facebook utilizing probabilistic models
	Geographical topic modeling from postings in Flickr finding topic preferences by region (e.g. food preferences)
	Finding & characterizing marketing topics in postings and their influence measured by the reaction of users (e.g. reposting)
	Topic models and network analysis for customer value categorization in social media
	Detecting topic-based influencers in social media with an author-reader influence model
	



	Source*
	Liu et al. 2010 (C)
	Weng et al. 2010 (C)
	Ramage 
et al. 2010 (C)
	Song et al. 2017 (J)**
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Finding topic based influencers
	Finding topic based influencers
	Finding topics & topic shifts
	Finding unwanted content
	

	Main category
	Social Media
	Social Media
	Social Media
	Social Media
	

	Conceptualization of data
	Basic Topic-Model:
Documents = users
Topics = topics
Words = word
Subsequent Topic Model:
Documents = user lists
Topics = clusters of users
Words = topics
	Document = all tweets published by a single twitterer
Topics = topics
Words = words
	Documents = Twitter postings
Topics = distributions over words in Tweets (with label information)
Words = words
	Documents = users' comments
Topics = word cooccurences (labels guided)
Words = words
	

	Method
	Generative Graphical Model (consisting of two topic models)
	LDA + Directed Graph for a topic specific relationship network
	Labeled LDA (a generalization of common LDA)
	L-LDA (Labeled Latent Dirichlet Allocation)
	

	Description of data
	- Twitter: about millions of microblogs related to about 40,000 users and 50,000 keywords
- Digg: about 1 million stories related to 10,000 users and 30,000 keywords
- Citation Network: citation data of about 1,000 documents from the Internet on several specific topics. Besides they use Cora as well.
	996 Singapore based twitterers from twitterholic.com, getting 5,686 twitterers by crawling all followers of these who had at least 1 tweet, making a total of 1,021,039 tweets.
	One week of tweets on Twitter's "spritzer" stream which contains 8,214,019 posts from 2009.
	6,431,471 comments for 6,407 Youtube videos with 481,334 comments marked as spam and 2,860,264 total users
	

	Data in main study
	- text (content)
- links
	- text (postings)
- follower data
	- text (postings)
- user data
	- textual: Users' comments
- user-based features
	

	Examined object
	Twitter, Digg, Citation Network, Cora
	Twitter (twitterholic.com)
	Twitter
	Youtube
	

	Research interest
	Model the strength of direct & indirect influence between nodes in heterogeneous networks
	Identifying influential users on Twitter by the following structure & topical similarities
	Characterize the stream, postings and users in twitter by trying to find sets of words that go with particular (manual) labels like hashtags
	Social spam detection in social media marketing
	



	Source*
	Images & Cross-Media Detection
	Cao et al. 2014 (B)
	Wang et al. 2015 (C)
	Online Ads
	Le et al. 2008 (C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	
	Cross media topic detection
	Cross media topic detection
	
	Finding Ways to Fit Web Pages
	

	Main category
	
	Images & Cross-Media Detection
	Images & Cross-Media Detection
	
	Online Ads
	

	Conceptualization of data
	
	Foreground & background topic model in VSTM:
1. foreground topic model to detect visual sentiment topic features
Document = all images
Topics = distributions over visual sentiment features (gathering generalized visual sentiment topic features)
Words = visual sentiment features (detected by using sentibank detector)
2. background topic model to detect (topic relevant) discriminative sentiment features (in opposition to non discriminative features, which most images have)
Document = topics & relevant images
Topic = topic relevant sentiment features
Words = sentiment features of images & visual sentiment topic features
	Documents = words + images
Topics = (multin.) distribution over textual words
Image = (multin.) distribution over topics
Visual words = clusters of segments in images using SIFT features
Textual Words = words in the text
	
	Documents = ad messages & web pages
Topics = distributions over words (webpages & ads)
Words = words (webpages & ads)
	

	Method
	
	VSTM (visual sentiment topic model)
	IGTM (Image regulated graph topic model)
	
	LDA
	

	Description of data
	
	Images (visual sentiment features using VSO (visual sentiment ontology & ANP = adjective noun pairs))
	Images: SIFT features - using clusters to vector quantize them into 500 discrete visual words
	
	They randomly chose 100 pages on different topics (food, shopping, cosmetics, etc.) from NvExpress (a Vietnamese E-Newspaper) and 3,982 ad messages from Zing
	

	Data in main study
	
	- images (VSO + ANP)
	- text (article category, titles, abstracts, text body)
- images (SIFT features: 500 discrete visual words)
	
	- text (webpage content + ads messages)
  - title
  - URL
  - description
  - keywords
	

	Examined object
	
	Sina weibo (Social Media Platform)
	CNN & FOX news websites
	
	ads + web pages
	

	Research interest
	
	Understand (categorize) the sentiments of users in microblogs by their posted images
	Cross-media (images + text) topic detection
	
	Model for online contextual advertising to be able to select the most relevant ads for the webpages (prohibiting mismatch because of the analyses of topics)
	

	Source*
	Phuong and Phuong 2012 (C)
	Research in Marketing Literature
	Amado 
et al. 2017 (J)**
	Karpienko and Reutterer 2017 (W)
	Public Relations
	Rabinovich and Blei 2014
[bookmark: _GoBack](C)
	Journal Paper (J), Conference Paper (C), Working Paper (W), Book Chapter (B)
**Article was published in a marketing specific journal

	Subcategory
	Finding Ways to Fit Web Pages
	
	Scientometry in Marketing research
	Scientometry in Marketing research
	
	-
	

	Main category
	Online Ads
	
	Research in Marketing Literature
	Research in Marketing Literature
	
	Public Relations
	

	Conceptualization of data
	Documents = textual content of the ad landing page concatenated to the ad's description
Topics = distributions over words
Words = keywords in ads, words on web pages
	
	Document = Journal article
Topics = cooccurences of terms
Words = words & dictionary terms
	Documents = journal article abstracts
Topics = word cooccurences
Words = words
	
	Documents = Online review (for product reviews datasets) & press release (for PR dataset)
Topics = base topics + metadata + distortion
Words = words, metadata
	

	Method
	LDA (extended to the KTM: Keyword Topic Model)
	
	LDA
	LDA
	
	IRTM (inverse regression topic model)
	

	Description of data
	-
	
	-  Journal articles from 2010 to 2015- 1,560 articles from a total of 211 different journals
	- 34,170 articles published since 1995 from 48 distinct marketing journals
	
	- 73K press releases from United States Senators between 2005 & 2008: 72,224 documents from more than 100 Senator, vocabulary of 19,882 terms.
-- Metadata is the party affiliation (republica vs. democratic; republican documents are coded as -1, democratic documents are coded as 1, independent documents are coded as 0;
- 150K product reviews with star ratings: 
-- Amazon corpus contains 13,528 reviews from 11 categories (e.g. books, health, personal care, etc.), vocabulary of 8,309 terms; 
-- Yelp corpus: contains 152,280 reviews (mostly restaurant reviews), vocabulary of 61,515 terms.
	

	Data in main study
	- text (webpage content + ads keywords)
	
	textual: content of journal articles & manually grouped aspects into dictionaries
	extual: journal article abstracts
meta information: authors, country of origin, citations
	
	Press releases: 
- textual: text of press releases
- metadata: party affiliation (republican vs. democratic)
Product reviews:
- textual: online reviews
- metadata: star ratings
	

	Examined object
	ads + web pages
	
	Journal articles
	Articles in marketing journals
	
	Congressional Press Releases
Yelp & Amazon product reviews
	

	Research interest
	Modeling the relevance of online ads to better fit these to the page content than with traditional keyword based models
	
	Finding research trends on big data in marketing
	Effect of specialization in marketing research on articles' impact
	
	Modeling variation in topic expression using additional metadata (like political predispositions)
	




