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Abstract 
Slowly, but increasingly, we are seeing the emergence 
of mixed methods at scale: traditional qualitative 
research being combined with the analysis of large 
digital datasets. This paper summarizes three facets of 
the intersection of digital mixed methods – evidence, 
inference, and scalability – and some methodological 
approaches I have employed in my own research at the 
intersection of ethnography and machine learning to 
discuss salient issues with combining large-scale 
qualitative and quantitative methods.  
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Introduction 
In the past few years, data science as a set of codified 
research practices (and more so as an occupational 
identity) has increasingly provoked researchers to 
assess the role of evidence, inference, and scalability in 
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digital data research. In this paper, I consider the 
mixed-methodological intersection of some qualitative 
(ethnographic) and quantitative (statistical and 
computational) approaches to conducting analyses of 
human actors in sociotechnical systems, drawing from 
my own experiences synthesizing these methods. 
Throughout, I discuss “levels” of methodological 
application, focusing on evidence, inference, and 
scalability. The synthesis of these methods relies on 
researchers to recognize that richness and power draw 
from an iterative and mutually-informing use of mixed 
methods. 

Mixed Methods & Digital Research 
Mixed methods draws from the idea that multiple 
methods applied to the same research question yields 
results that speak to more than one perspective. For 
example, [7] argues that a proper mixed methods 
study has “fluid integration” across the research 
perspectives at all points, from question formation to 
evidence collection to analyses, even throughout the 
studies’ ethical considerations.  

These recommendations for mixed-method research, 
though, usually fall within studies that do not involve 
digital data or online information ecosystems, which 
present new challenges for researchers developing 
cross-methodology projects. In a digital landscape, 
traditionally separate and distinct methods can be 
particularly useful when combined and synthesized: for 
instance, ethnography working on concert with machine 
learning to study populations in online communication 
platforms. But challenges in mixed methods become 
particularly acute as 1) datasets and tracking become 
increasingly large and complex, and 2) computational 
methods advance far beyond the grasp of traditional 

qualitative approaches. For example, traditional 
ethnographic methods like participant observation and 
interviews both inform and draw from quantitative 
studies and have been shown to synthesize well with 
contemporary data science work [3]. Still, advanced 
computational techniques currently run up against 
ethnographic insights due to their complexity, even 
though machine learning techniques have developed in 
directions that are both greatly quantitative (supervised 
prediction approaches, like neural network 
classification) and greatly qualitative and interpretive 
(e.g., multidimensional unsupervised clustering). Some 
methodologies have attempted to better synthesize 
these disparate approaches, such as “trace 
ethnography” [5], though their applications within 
academic research are limited. 

Intersections of Methods: Ethnography and 
Machine Learning 
How methods are combined is rarely discussed in the 
academic literature, particularly regarding digital data. 
The intersection of these methods illustrates complex 
issues that open up new questions for “human-
centered” digital research. 

Mixed methods like ethnography and machine learning 
are not particularly similar. The practical foundations of 
these two methods are distinct and dichotomous: 
ethnographic methods rely on interpreted data driven 
by immersion within a collective or community, while 
machine learning approaches rely on modeled data 
derived from a sample (or a population) extrapolated 
through algorithmic processes [9]. Ethnographic 
methods tend to work on the level of specifics; 
quantitative, computational methods tend to work on 
the level of aggregates. This is not to say, though, that 



 

the two cannot work together, nor that they are 
completely separate. For example, quantitative data 
can be gathered given the context of informal 
qualitative research (even though the final report might 
disregard it), and qualitative studies can derive insights 
and trajectories from quantitative findings. The 
foundations of both methods can look familiar too: 
ethnography and machine learning share many 
inductive, exploratory, and “gut feeling” approaches to 
finding evidence and producing frameworks and models 
for behavior [2, 4]. 

My provocation at the start of this paper was to 
compare these methods at the points of evidence, 
inference, and scalability. All mixed methods research 
involves issues about how each method represents the 
data to be analyzed, how they extrapolate trends from 
the data, and how much data they can justify relying 
on to support or confirm the trends. But as researchers 
integrate methods, the integration itself presents 
different issues at varying levels for choosing evidence, 
understanding inference, and adapting to scale. 

Intersections in Mixed Methods 
For this paper, I will draw on two (in progress) projects 
that adapted mixed-methods digital research to answer 
a set of central questions regarding uses of 
sociotechnical systems. The first is understanding how 
humor impacts live-tweeting during the 2012 
Presidential debates on Twitter, and the second is my 
dissertation work understanding how individuals 
collaborate to aggregate information about breaking 
news events on reddit.  

Projects 
TWITTER & POLITICAL HUMOR 
This project drew from a holistic data set of almost 
300,000,000 tweets collected via GNIP based on 427 
political keywords and hashtags over the course of 12 
months. Our research team conducted participant 
observation during the debates and added keywords 
based on audience reactions. The end result focused on 
a quantitative analysis of retweeting behaviors for 
humor-related tweets. 

REDDIT AND BREAKING NEWS 
This project drew from over 2 billion messages posted 
to reddit.com over the course of more than 6 years, as 
well as interviews with more than 50 reddit 
contributors, moderators, and administrators. I queried 
and ran machine learning analyses of the dataset to 
identify a subset of individuals to interview (and used 
some of the data collected during those interviews), 
and I plan to analyze larger trends across news 
subreddits at a future date. 

Levels of Intersections 
Mixed methods can intersect at varying levels: to 
answer any research question, a project may focus 
more strong on one method or another. Ideally, the 
methods will flow together and aid one another in 
understanding the larger research problem. The reality 
though is that one method contributes more in one 
regard than another, and below, I explore how these 
levels might affect a “human centered” approach to 
research questions involving data science methods. 

Evidence 
Digital data analysis in sociotechnical systems revolves 
primarily around trace data (ie., server logs), though 



 

how that evidence is created, defined, collected, 
sampled, and combined has wide-ranging implications 
for mixed methods research. Data science frequently 
does not “approach” the human participants as 
ethnographic methods frequently do, though they can 
conceive of a human actor in a similar fashion. 

The representation that evidence selection provides 
remains a crucial facet of the intersection of methods. 
In many cases, especially in data science work, trace 
data represents actions rather than many other forms 
of evidence (viewing, perceptions, even decisions to not 
act). The extrapolation of “what data is” to “what 
people did” is seemingly innocuous, though researchers 
interpret data in various ways. Combining methods 
achieves a better, holistic understanding of data 
evidence. For instance, in our Twitter project, 
participant observation allowed us to collect – while 
maintaining context for – tweets about debate 
discourses. The quantitative junction of these 
discourses provided a way to talk about the debates 
rather than only one hashtag [10]. On the other hand, 
analyzing breaking news on reddit provided difficulties 
because many moderators on the site delete duplicate 
pieces of content (of which there are hundreds during 
breaking news crises), and these deletion practices 
were only made obvious after ethnographic interviews 
and observations were conducted. The primary issue 
becomes whether the evidence provided represents 
human actors in the appropriate way to answer the 
question without ignoring the individual, personal 
element. 

Inference 
Understanding the empirical trends from evidence 
revolves around inference, which manifests as 

interpretation (qualitative methods) or quantification 
and prediction (quantitative methods). Given the 
complex nature of computational approaches, some 
methods, their processes, and their results may be out 
of the grasp of more qualitative researchers. Few 
ethnographers know how quantitative results are 
derived from a k-nearest neighbors or support vector 
machine algorithm. Further, some advanced 
computational scientists do not entirely know how 
particular algorithms (ie., deep learning) generate 
given results [6]. Even within disciplines – e.g., 
quantitative modeling – researchers disagree on 
whether understanding basic trends or perfect 
prediction (regardless of underlying logic) is preferable 
[1]. 

Inference allows researchers to understand their 
evidence, but again the intersection of methods 
provides for different levels at which inference applies 
per method. Simple machine learning algorithms may 
aid ethnographic work, by for instance identifying 
suitable individuals for interviews from a massive 
dataset of digital logs or showing high-level aggregate 
trends within a population that can be further 
investigated in the field (like I conducted in the reddit 
project), while the interpretation of the interviews 
provides the most inference for the research question. 
Similarly, ethnographic research may provide context 
for the collection of data, where the quantitative 
analysis provides insights to explain the data (ie., our 
Twitter project). But with more complex approaches, 
like with neural networks in deep learning, it becomes 
more difficult to say what features actually produced 
the results and whether or not those features should be 
questioned.  



 

This uncertainty leads to some provocative questions. 
For example, could an advanced neural network be 
biased (e.g., racist), and how does the researcher know 
the outcomes of the method and its impact at the 
intersection of methods? Methodological choices 
generally come down to practicality, but researchers 
must consider the values that they put into all 
analytical approaches, as well as those approaches’ 
inherent functions and biases. Researchers must 
critically ask whether or not they need certain types of 
inference in order to explain human practices and what 
kinds of inference they can even extrapolate from the 
evidence used. 

Scalability 
While conversations about scalability (ie., the amount –
 and therefore generalizability – of data a researcher 
uses) frequently revolve around issues of validity (e.g., 
sampling, populations, etc.), I discuss it here in a more 
applied sense: given the appropriate amount of 
evidence for the particular type of inference, can the 
researcher scale the methods to produce 
generalizability within the specific context of the 
research question? Sometimes this comes down to the 
simple issue of whether or not a particular method 
limits the researcher by the sheer amount of work to 
do.  

This problem is linked, especially in qualitative work, to 
saturation, while scalability for quantitative research 
works in the opposite way (lower numbers fare worse). 
Relative scalability between methods is another 
important facet though: is there enough data on each 
side of the equation to properly answer the question? 
Scalability introduces limitations to a project: for 
instance, in our Twitter project, participant observation 

provided insight into many hashtags but may have 
constrained the research to only the dominant 
discourses we found. Holistic datasets might mitigate 
this problem: with reddit, I had every public post and 
comment, but with so many people to possibly 
interview, I had to be particularly strategic with 
reaching out to people to triangulate across as many 
practices as possible.  

Also related to scalability, the issue of error remains 
particularly salient within mixed methods research. 
Considering marginalized populations, it is vitally 
important to consider how labels are applied to at-risk 
individuals within the group under analysis. Parallel to 
common approaches to spam, cheater, and fraud 
detection, the researcher should want to reduce false 
positives and false negatives as much as possible. 
Mislabeling could introduce drastic ethical and practical 
problems. For example, a social network clustering 
algorithm could place particular individuals into groups 
that they don’t belong or don’t identify with, and it 
must be up to the researcher to ensure that mislabeling 
doesn’t fail these individuals when reported in the 
research. This can be a difficult task, especially at the 
scale of studying millions of people with machine 
learning techniques (and still remains something that 
ethnographers grapple with on the scale of dozens) [8]. 
Usually, when data scientists encounter overlaps or 
outliers, these cases are seen as too complicated to 
deal with, introducing error to models. Throwing these 
cases out as potential errors, though, introduces an 
additional ethnical question of representation, 
especially for marginalized peoples.  



 

Conclusion 
As digital data becomes increasingly available, we will 
encounter more and more instances when this data is 
adopted in mixed method studies; therefore, it will be 
increasingly critical to know how computational 
methods are producing results, not just that results 
have been produced. Additionally, those employing 
computational techniques need to be able to learn from 
ethnographers in how insights are interpreted from 
observatory and interview-based data, in order to 
properly adapt those takeaways into and alongside 
algorithmic approaches. Computational social scientists 
interpret context from data on a daily basis, as they 
need to understand the situations within which their 
datasets have been generated (especially for digital, 
behavioral trace data); however, few researchers 
recognize this as a critical moment in their algorithmic 
processes. Frequently, though, ethnographers struggle 
with ethical questions at the exploratory stages of their 
fieldwork, and it is thus important for data scientists to 
recognize that these periods in their early work do set 
the foundation for ethical considerations to be made 
later.  
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