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2Most of my work relates to modeling social 
media (content) data…
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Standing out 
while fitting in 

(With S. Farace, D. Herhause, D. 
Grewal and K. de Ruyter)

[ENTER TEXT]

LINK 

https://journals.sagepub.com/doi/full/10.1177/00222429251322773
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Constructs and Measurement

A visual (salient) property that has been 
substantially studied in marketing with 
positive behavioral outcomes is 
DYNAMISM (Cian, Elder and Krishna 2014) 

High 

Dynamism 

(Dynamic)

Low 

Dynamism 

(Static)

Focus on two TO salient properties. Overlay 
SIZE AND CENTRALITY (relevant stylistic 
features) (Pieters and Wedel 2004; Sample, Hagtvedt, and 
Brasel 2020)

TO Size TO Centrality

[ENTER 
TEXT]

[ENTER TEXT]

[ENTER TEXT]

[ENTER TEXT]
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How to Measure Dynamism in Images?

• Handled empirically in the second field study using Instagram data

• Used annotated social media images from X (Study 1) from 8 brands to created 
“type of image” classifier. N= 6,181

• Augmented this sample to fit the context with 2,075 annotated Instagram images

• Split on Static-Dynamic Scale to perform binary classification task

• 1-3 = Static (N=6,104)

• 4-7 = Dynamic (N=2,152)
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Steps to Develop the Image Classifier

1. Resize (150*150) & Rescale (1/255)

2. Training, Validation and Testing (80/10/10)

3. Vision Transformer (ViT) a pre-trained DL 
model. Converts image into an 
embedding, representation includes 
global/local dependencies, that can be 
used for classification tasks

4. Grid search for hyper-parameter 
optimization (batch size, learning rate)

5. Use of dropout regularization to hidden 
and attention layers avoid overfitting
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ViT Package with Low Code

We created two configurable nodes in visual coding language (no scripting 
required to implement vision transformers. See extension here

https://hub.knime.com/e/FXNeFUXOym7_euUl
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Example workflow for Vision Transformer Extension
See workflow implementation here

(2)Training vs. 
Testing

(3)Training and 
Validation

(1) Read “labeled”
Images from a folder

(6) Evaluation
• Accuracy
• Precision
• Recall

(4) Configure a 
ViT algorithm

(5) Make 
Predictions

https://hub.knime.com/s/GU3IvjsopdZ8khJS
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Text Overlays Data App

Apps can enhance the value of a practical contribution. 
Example from Farace et al. (2025) here

http://knime.com/visual-flow-data-app
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Why are Interactive Research Driven (IRD) Apps Important? 
(with K. Pikal and D. Herhausen 2025)

A research-driven app is “an online interactive tool that provides a deeper understanding of 
the usability of the research contribution.”(Chintagunta et al. 2022) 
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Authors
• Associated with more citations

• Outsourced or in-house

• Costs between 5K and 20K

• Target is manager and students

Managers:
• Increases perceptions of interest 

and relevance of research

Students:
• Increases perceptions of 

interesting, useful and relevant
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What is the Potential of IRD Apps?

We estimate that about 25% of marketing articles have the potential to 
add an IRD app; 8% predictors, 5% optimizers and recommenders, 9% explorers, 
and 3% converters. 

• E.g., Nguyen, Johnson, and Tsiros (2023) who use large-language models to 
optimize e-mail headlines have potential for an optimizer and recommender app

How to develop IRD Apps?

(with K. Pikal and D. Herhausen 2025)
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Consumer Engagement 
with Virtual Influencers: The 

Power of Social Tie 
Presence in Visual Content

(With L. Cascio Rizzo and J. Berger)

LINK

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4329150
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Conceptual Model

• H1A: Social tie presence increases 
engagement with virtual influencers’ posts and 
likelihood to choose the product advertised.

• H1B: The effects are serially mediated by 
anthropomorphism and perceived trust.
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Field Study and Measurement

10k virtual influencer posts, 20k photos; 28 

virtual influencers; multiple industries 

Instagram Engagement (likes + shares)

Social Tie Presence 
(Google Cloud Vision; 

Li and Xie 2020)
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Controls:

• Virtual Influencer (e.g., follower count, post 
count, if verified)

• Image (e.g., visual complexity, emotions, 
color dominance, saturation)

• Text (e.g., topics, wordcount, questions, 
emojis, arousal, readability)

• Other:  other’s followers, time FE

Robustness Checks:

• Selection:  is the inclusion random?  
propensity score matching (2,990 posts, half 
with/without companion)

• Influencer Heterogeneity: influencer FE 

• Model Specification:  OLS with log DV, carry-
over effects

• Alternative Measures:  likes and comments 
(separately), engagement rate

• Other Sources of Endogeneity:  active 
product consumption, objects (2,005!), social 
proof , intimacy
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Exploring Mediation?

• Traditionally we use field data to hypothesize main effects and 
moderation.

• But, how to explore mediation? 

• THEORY!

We are hypothesizing that social ties increase engagement 

because they trigger humanness perceptions

-> then the effect might be weakened or strengthened in certain 

field scenarios 
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Example of Human (left) and Virtual (right) Ties in the Field

• If the companion is non human, then Social Ties effect should dissapear, because 
there won’t be antropomorphism (real interactions)

• The companion was a human (in 1,383 posts) or a virtual character (in 173 posts)

• Social tie's effects go away when the other is a virtual (IRR = 1.131; SE = .115; t = 
1.22; p = .223).

Note: These posts also feature textual mentions of these others, which facilitates verification based on their profiles
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Causality? – Only with Experiments

• N = 227; Prolific 

• 3 (VI alone vs. human companion vs. virtual companion) 

• Measures:  Anthropomorphism, Trust, Engagement

Virtual Influencer Alone with Human Companion with Virtual Companion 
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How Discourse 
Concentration and 

Content Valence Drive 
Podcast Engagement

(With Miceli et al. 2025)
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Motivation and Conceptual Model

Conversational podcasts are the most 
popular ones we focus on an unstudied 
language property called “discourse 
concentration.”

• We argue that it’s effect on engagement 
is conditional with “episode valence”

Growing interest in cultural items (Movies, 
Songs, Books, News, Ted Talks), but no 
empirical studies focusing on podcasts

Berger and Milkman 2012; Papies and Ban Heerde 2017; 

Toubia, Berger and Eliashberg 2021; Pyo, Lee, and Park 2022; 

Cascio Rizzo, Berger and Zhou 2025) 



23

Field Study on 401 Transcripts and Audio files from the New 
York Times’ Podcast, “The Daily”

MEASUREMENTS

• Discourse concentration: measured through the 
Hirschman-Herfindahl Index (HHI), computed on the 
percentage length of the speakers’ interventions (in 
number of characters). 

• Episode valence: measured through the LIWC 2022 
Tone variable, normalized from 0 to 100 (Robustness 
with: SieBERT, VAD and EL)

• Engagement: measured as the sum of likes and 
comments associated with each single episode of 
“The Daily” podcast on Castbox
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JN analysis. 

• For negatively-valenced 
episodes (up to 23rd perc) 

the effect of discourse 

concentration on 

engagement is negative,

• For positively-valenced 
episodes (from 84th perc.) 

the effect of discourse 

concentration on 

engagement is positive. 
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Experiment 1– “Broadway shows during pandemic: Six - the 
Musical” Transcripts examples
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Pipeline for Using AI to create Voice Stimuli

Concentrated x positive valence

Fragmented x positive valence

Concentrated x negative 
valence

Fragmented x negative valence

Experiment 2: Replication but using AI generated voices



27Fragmentation x positive valence

Medium pitch:173.7036728864732 Hz

Concentration x negative valence

Medium pitch: 163.68624883309553 Hz

Fragmentation x negative valence

Medium pitch: 172.10675471558412 Hz

Concentration x positive valence

Medium pitch:162.66953867750433 Hz
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Measuring the Customer 
Experience with Large 

Language Models: 
Implications for Brand and 

Firm Performance
(With A. Wagner, K. Kuehnl, and 

Dennis Herhausen)
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Conceptual Model
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“Latent” Measurement of CX with LLMs

Step 1: Data Collection

Total: 6,764,042 online reviews from 

79 S&P 500 companies

Online review platforms:

Step 3: Model Choice

Step 2: LLM Classification Task

1. Aspect-based sentiment analysis

2. Classification of CX elements into 

each identified aspect

• Sentiment

• Touchpoint type

• Experience partner

• CX response

• Customer journey stage

Comparison of different open-source LLMs:

• Llama 3.3 → accuracy 89.96%

• Microsoft Phi 4

• Microsoft Phi 3.5 mini

• DeepSeek-R1

Step 4: CX Score

Determination of CX score based on the 

identified aspects and the respective 

sentiment

• Yelp • G2

• App Store  • Trustpilot

• Co-operating B2B firm
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Prompt: We asked the model to (1) perform aspect-based sentiment 
analysis, classify each aspect into the (2) touchpoint type and (3) 
experience partner, (4) classify the associated response into the five CX 
responses and (5) classify the Customer Journey Stage of the aspect.

Classification: 

1. [A: store; S: Neutral; TP: offline; EP: brand; R: Cognitive; CJ: postpurchase] 

2. [A: customer service; S: Negative; TP: online; EP: brand; R: Cognitive; CJ: prepurchase] 

3. [A: Nick; S: Positive; TP: offline; EP: personnel; R: Emotional/Social; CJ: postpurchase] 

4. [A: customer service; S: Positive; TP: offline; EP: personnel; R: Cognitive/Behavioral; CJ: postpurchase]

Exemplary online review (Yelp): 

“I came into this store after numerous attempts to fix that should've been detected and 

handled by customer service over the phone. Nick was very patient and helpful, he is 

knowledgeable, professional, and provides excellent customer service.”
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Validation of Measurement

• cyxvxyvxy

Comparison of model labels with human labels, which serve as the “ground truth” to 
showcase the appropriateness of Llama3.3 for the research context

Annotation Study

Accuracy of Llama3.3 for the CX measurement context

CX element Annotator 1 Annotator 2 Combined

Sentiment 95.68% 95.23% 95.45%

Touchpoint type 80.21% 83.20% 81.71%

Experience partner 97.17% 90.88% 94.03%

CX response 82.23% 89.83% 86.03%

Customer journey stage 90.48% 94.31% 92.4%

Overall 89.11% 90.81% 89.96%
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BERTopic for CX Aspects/elements
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Other Resources
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Recent Tutorials

LINK

LINK

https://journals.sagepub.com/doi/full/10.1177/10946705241307678
https://journals.sagepub.com/doi/full/10.1177/10946705241307678
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5634630
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Python Workflows KNIME Workflows 

Both links lead to workflows to implement: dictionaries, machine learning, topic 
models, embeddings and LLM-based methods for text mining

https://github.com/j-hartmann/SFR/blob/main/SFR.ipynb
https://hub.knime.com/-/spaces/-/~sjxdZ32LtJrQimDQ/
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CONCLUSION

Is there a best recipe for a Social Media Quant paper?

NO!, but there we can distinguish three clear type of papers

• The Classic Strategy (theory or empirics first). Three strong 
contributions (ideally not just main effects, but moderations)

• The Why? paper: Main effect or moderation hypothesis (very 
novel), and explanation through a series of experiments

• The tool: Developing a tool/app that other researchers or 
practitioners can use to convert or optimize
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Any questions?

https://www.linkedin.com/in/francisco-villarroel-ordenes-55b4804/?locale=es_ES
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Workflow - Language Models and Generative AI 
(Blanchard et al. 2025)

Alternatives:
• Sequential API-based approach, in which a computer script sequentially 

submits each participant’s response (along with standardized instructions) to the 
API and captures the value returned. 

• A file-upload approach with code execution, where a structured dataset (e.g., 
CSV with one participant response to code per row) is uploaded to a chat-
based GenAI system, along with instructions. The GenAI generates coding rules, 
which can be saved. 
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Workflow for sentiment classification using LLM API: 
https://hub.knime.com/s/5zGU8SvYdqd_hJAt 

https://hub.knime.com/s/5zGU8SvYdqd_hJAt
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“Defined” Construct 

Operationalization

“Latent” Construct 

Identification

“Prediction” of 

variable outside UD

“Generation” of 

new data

TEXT 
represented as 

“Bag of Words” or 

“Word Embeddings”

AUDIO 

represented as “Hertz 

(time) Frequencies” in 

audio waves

IMAGES 
represented as an 

arrangement of 

“pixels in RGB”

Dictionaries, Word co-
occurrence, 

Distances, Machine 

Learning, Language 
Models

Topic Models such as 
LDA, CTM, STM, 

BERTopic

Machine Learning 

process and 

algorithms (Neural 

Networks, X-Boost, 

Random Forest, 

SVM), Causal 

Machine Learning

Generative large 

language models 

and tools (e.g., 

GPT)

 Image generation 

(DALL-E)

Audio and music 

generation 

(JukeBox)
Algorithms based 

frequency properties 
of audio (e.g., pitch), 
or ML based features 

(e.g., emotions)

Pixel based features 
(colors), Objects, or 

actions from ML 
classification (e.g., 

cloud vision)

Topic Models 
performed on 

predicted image 
objects and actions

UD, Research Objectives, and Methods

E.g., arousal E.g., content type E.g., engagement E.g., brand (s)logo

Objectives

Type of UD

Topic Models 
performed in time 

frequency data (bag 

of frequencies)
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Validity

Measurement error. Whatever you are measuring, you should demonstrate that the 
measurement you are using is valid (i.e., it doesn’t have much measurement error; 
cause of endogeneity)

• Construct validity: “Consistent construct operationalization”. Human coders to show high correlation 
between text mining measurement and human ratings

• Convergent validity: “The degree to which measures of the construct correlate to each other”. By 
measuring the construct using different linguistic aspects (also outside from the text)

• Concurrent validity: “Ability to draw inferences over many studies”. Using dictionaries that have been used 
in previous studies

• Discriminant validity: “To observe consistent patters of difference using opposite dictionaries” (e.g., tentative 
vs. certain)

• Predictive validity: “Using a hold out sample, cross validation and predictions across studies” 

• Model Fit: Main used in topic models by computing log-likelihood, perplexity and coherence

• Accuracy: Mainly used in machine learning, which involves cross-validation, and providing accuracy, 
precision and recall as main metrics

• Simulation Extrapolation Method (SIMEX):  a data-driven approach to correcting measurement errors and 
requires relatively fewer assumptions and information than alternative methods (Peng et al. 2020 JM)
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Example Cascio Rizzo et al. (2024)
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Modelling Text Data

• Identification Strategies

• Panel Data (fixed effects). Remove time invariant factors affecting the outcome (e.g., 
employee characteristics) (Marinova, Singh and Singh 2018)

• Difference-in-Differences and Synthetic Control. Mimic an experimental research design 
using observational study data and a natural experiment (e.g., a platform allowing vs. 
another one not allowing service recovery) (Proserpio, Troncoso and Valsesia 2021)

• Instrumental Variables or Control Functions. Require identifying a variable that randomizes 
the predictor variable but does not directly affect the service recovery outcome (i.e., 
exclusion condition) (Villarroel Ordenes 2019)

• Two Stage Heckman Correction (selection Bias). When the sample from which data are 
drawn is not representative of the population being studied (e.g., companies do not 
provide social media responses to all customers) (Herhausen et al. 2023)

• Propensity Score Matching. When the focus is on a specific characteristic of the data (e.g., 
tweets containing images; images containing overlays) (Li and Xie 2020)

• Experiments
• They are the best way to claim causality, but they might be complicated to design in 

certain projects (e.g., drivers of no pay in loans) (Packard and Berger 2021)
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Modelling Text Data

• Explainable AI

• Increase interpretability of ML models, by relying on solutions such as SHapley Additive 
exPlanations (SHAP) or Local Interpretable Model-Agnostic Explanations (LIME) that 
can help identify the most predictive words (Hartmann, Bergner, and Hildebrand 2023)

• Causal inference machine learning

• Deep Instrumental Variables estimates both the first and second stages of the IV 
framework through deep neural networks, thereby allowing both heterogeneous and 
nonlinear estimation of causal effects (Tian, Dew, and Iyengar 2024)

• Double Machine Learning (DML) allows researchers to account for a large set of 
covariates, which is often the case when working with text

• Causal Random Forests, by handling high-dimensional data, Causal Random Forests 
automatically identify subgroups that exhibit different treatment effects and estimate 
conditional (on these groups) effects
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