Machine Learning and Grounded Theory Method:
Convergence, Divergence, and Combination
Michael Mullera, Shion Guhab, Eric P.S. Baumerc, David Mimnoc, and N. Sadat Shamid
a

b

c

d

IBM Research, Marquette University, Cornell University, IBM
a
One Rogers Street
Cambridge MA USA 02142

{michael_muller, sadat}@us.ibm.com, shion.guha@marquette.edu,
{ericpsb,dm655}@cornell.edu
ABSTRACT
Grounded Theory Method (GTM) and Machine Learning (ML)
are often considered to be quite different. In this note, we explore
unexpected convergences between these methods. We propose
new research directions that can further clarify the relationships
between these methods, and that can use those relationships to
strengthen our ability to describe our phenomena and develop
stronger hybrid theories.
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1. INTRODUCTION
Researchers in CHI and (E)CSCW often think of qualitative
analysis and machine learning as very different domains (e.g., [1,
9, 10, 21]), even though some researchers may use one of these
methods as a tool to understand or summarize work done via the
other method (e.g., [2, 3, 33, 58]). However, there are multiple
convergences between these two research traditions (e.g., [6, 45]).
These convergences can lead to interesting hypotheses and
potential methods (e.g., [6]). In this note, we continue a
conversation begun by [5] about two specific convergences,
which we hope will open a discussion of additional convergences
and new ways of conducting mixed-methods research.
This note proceeds as follows. In the Background section, we
provide brief introductions to machine learning (ML) and
grounded theory method (GTM), with a focus on setting up our
points of convergence. In the Convergences section, we explicate
similarities between these two distinct research traditions. We also
consider some differences between the two approaches
(Divergences). In the Discussion section, we propose three ways
to transform the convergences into new research hypotheses and
mixed-methods inquiries.

2. Background
Researchers are increasingly interested in combining quantitative
“big data” methods with qualitative “small data” methods [10,
23]. Traditional qualitative scholarship often focuses on in-depth
analysis of specific, local phenomena, with the intention of
generalizing to other sites and other people. Traditional
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quantitative scholarship often focuses on generalizable results
from more numerous data points, which tend to have less context
associated with each observation.

2.1 Combining Big Data and Small Data
In one example, in an influential series of studies, De Choudhury
and colleagues studied linguistic signs of affect [13], and more
specifically depression [14], in social media posts – a
characteristic quantitative, “big data” study method. Their goal
was not to provide detailed analyses of postings or posters, but
rather to understand large-scale phenomena. In a second example,
Menking and Erickson used grounded theory method to
understand aspects of women’s experiences in with participation
in Wikipedia [40]. Their goal was not to provide a statistical
summary of such phenomena, or a large-scale analysis of
quantitative patterns among participation data, but rather to
develop a theory that described the experiences of individual
women. These are two out of many examples that seem to argue
that the quantitative domain works differently from the qualitative
domain. But is that true? What if we could enjoy the virtues of
both ways of inquiring?
Computational social science and digital humanities are beginning
to use large-scale computational analysis in conjunction with
close analytic reading. Blevins used topic modeling as a way to
structure a detailed inquiry into the extensive and idiosyncratic
diaries of Martha Ballard, an 18th-19th-century midwife [8].
Jockers used a topic model to study themes in 3000 novels, but
only after a laborious, iterative process of document and
vocabulary curation [34]. Rhody used similar topic-based methods
to identify figurative language in poetic texts [49]. Only with
contextual human analysis were the identified word-clusters
recognized as the surface form of a repeated metaphor
Within the CHI and CSCW disciplines, Thom-Santelli et al. used
“heuristics from grounded theory” in alternation with large-scale
data analysis, for iterative guidance on a series of interview
samples [56]. In a very recent demo, Arazy et al. similarly
proposed using machine-learning to reveal patterns in log data
from peer production; they suggested that those patterns could
then be studied using grounded theory method [2].
Here, we suggest a deeper convergence. In the next two
subsections, we describe two analytic trends in machine learning,
and we show that they are closely related to two well-established
approaches in grounded theory method.

2.2 Machine Learning: Current Approaches
Machine learning centers around statistical models and
algorithms. The models consist of two types of variables: those
that are observed in data (features) and those that are not
observed. The algorithms find values for unobserved variables
that best fit the values of the observed variables. For instance,

given a corpus of emails, for each message we can observe a set
of words and a label of spam or not-spam. We can then use an
algorithm to infer latent variables that correspond to the
“spamminess” of each word. Most ML algorithms function by
iteratively refining a model until it fits the data within some
threshold of acceptability.

2.2.1 Types of Machine Learning Methods
We often divide machine learning into two categories: supervised
and unsupervised learning [37]. In supervised models, the latent
variables define a relationship between two types of observed
variables, inputs and outputs. Regression, classification, and
confirmatory factor analysis are common examples. In
unsupervised models, the latent variables suggest a (hopefully)
simpler description of the observed variables. Clustering,
principal components analysis, topic modeling, and exploratory
factor analysis are common examples.
There is a strong bias towards standard, pre-existing data that is
accompanied by well-known quantitative evaluation metrics. This
approach obviates the difficult human labor involved in creating
such data sets [34]. When new labeled data sets are collected, they
are increasingly built using crowdsourced annotation platforms
such as Amazon Mechanical Turk [51]. These crowdsourced,
human annotated datasets are often referred to as gold standards
and have become widely used in HCI/CSCW [13, 50].
There is growing recognition of the important role to be played in
ML by in-depth human analysis and interpretation. Wagstaff
argues that machine learning research has become dangerously
disconnected from the real world, and recommends that domain
experts be involved [59]. Some scholars [60] have attempted to
answer this call by incorporating focus groups and feedback from
doctors to build a system that predicts fetal hypoxia and makes
judicious medical interventions. Sen et al. [50] criticize the focus
on labeled datasets, saying that the notion of a one -size-fits-all
gold standard is risky and inconsistent with existing social science
theory. They show that labeling with different cultural groups on
the same dataset often creates markedly different labeled datasets
– a concept already understood in social sciences [39].

2.3 Grounded Theory Method
Grounded theory method provides a set of rigorous methods for
constructing theory directly from data, in a way that “grounds”
that theory in data. The founders of grounded theory, Barney
Glaser and Anselm Strauss, published four major works [27, 28,
29, 30] before they fell into disagreement and developed major
bodies of work and method that contrasted with one another (e.g.,
[17, 26, 54, 55], and especially [24]). This history of their
disagreement has been well-described in the research literature
[11, 35, 43], and is beyond the scope of this note. Here, we focus
on the potential relationship of each respective author’s work to
trends in machine learning.
One of several crucial aspects of the intellectual discipline of
grounded theory is a rigorous way of coding data [15, 48, 52].
Over several revisions of their account of methods, Corbin and
Strauss provided a series of data-driven operations to develop a
high-quality description of a domain [17, 54, 55]; grounded theory
researchers sometimes refer to these volumes as “the cookbook.”
Charmaz integrated aspects of the Straussian and Glaserian
approaches into a disciplined set of practices that she refers to as
“Grounded Theory Method” (GTM) [15]. There is general
agreement [11, 35, 43, 44, 52] on the following overview of the
method: The researcher begins with open coding, in which each
description is specific to particular points in the data. Over time,

the researcher formalizes and organizes these codes through axial
coding, which begins to establish relationships among the open
codes. Through the use of constant comparison of data with data,
and of data with emerging theory, the researcher constructs
dimensions, which are collections of open and axial codes that,
collectively, describe major differences across the range of the
data. The emergent theory (codes, categories, dimensions)
suggests new questions, and the researcher uses that theory to
select new sites to study, or new people to interview, to test the
emergent theory at its weakest points. This process is generally
termed theoretical sampling, and is a procedural manifestation of
the underlying concept of abductive logic [15, 48, 57].
As the codes become more abstract, the researcher can begin to
relate the data-grounded theory (i.e., based on the codes) with
formal, published theory [15, 17, 28, 55]. The researcher chooses
certain of these axial codes (categories and dimensions) as the
focus of her/his report, and engages in further selective coding
around these chosen attributes, deepening the analysis further [15,
17, 24-29, 35, 48, 52, 54, 55].
GTM thus provides a set of agreed core practices (three levels of
coding, from open to axial to selective) and core ways of thinking
about data (constant comparison, theoretical sampling) which are
derived from philosophical bases in pragmatism and abduction
[11, 15, 16, 43, 44, 48, 54, 55, 57].1

2.3.1 Types of Grounded Theory Method Approaches
Among the points of disagreement between Glaser and Strauss
(e.g., [24]) was the method and formality of coding – i.e., the
influence (or constraint) of prior work on developing new theory
from new data [35]. While Strauss made a series of differing
proposals about core concepts (i.e., codes) in grounded theory
(e.g., [54, 55]), many grounded theory researchers who derive
their work from Strauss, tend to ignore these divergent advices,
focusing instead on the core notion of the gradual development of
open and axial codes into categories and dimensions of analysis,
as summarized above (e.g., [15]; see also multiple chapters in
[11]). Thus, one of Strauss’s (later, Corbin’s and Strauss’s)
contributions to GTM is a rigorous yet relatively unencumbered
approach to coding. Through a rigorous process, codes emerge
[17, 55] or are constructed [15] de novo, without constraints based
on previous coding schemes or reference volumes.
By contrast, Glaser developed a rigorous set of coding families
[26]. These families grew incrementally over time, from an initial
set of 18 coding families [26] to 40 coding families [16, 25].
Thus, one of Glaser’s contributions to grounded theory is a rich
set of tested coding families that can serve as a bridge between
initial open codes (nascent theory) and more formal theory, and
between past and present in GTM.

3. Convergences
Despite the different world-views, there are attributes in common
between ML and GTM. Each process makes major claims to be
grounded in the data. Each process begins with, and returns to, the
data. Each process develops interim components of theory (GTM
dimensions or ML features) that describe major differences across
the range of the data. Each process is iterative. Neither process is
1

For comparative purposes, we note that a conventional statistical
analysis may at first appear to be a simple, executable method,
but in fact involves many decisions by the researcher regarding
sample size and provenance, data quality issues and possible
transformations of variables, selection of appropriate control
variables and conditions, moderating factors, and covariates.

complete when the data are analyzed; rather each process requires
interpretation and theory-building after the data are complete.
This is to say, while each process is strongly guided by methods,
practices, and protocols, each process crucially requires human
interpretation and human judgment at each stop of theorybuilding. We describe two similarities of method in depth here.

bridge between established knowledge and new data; both require
human discernment to refine their models. The researcher’s
problem is, in part, to find the best data that correspond to the
hypothesized structure of the current data, based on preceding
knowledge.

3.1 Pattern Discovery / Unsupervised ML /
Straussian GTM

ML and GTM differ in their approaches to evaluating the quality
of results.

Straussian GTM is often recommended as a disciplined way of
entering a new field of study, unconstrained by prior theory [11,
15, 17, 28, 44, 52, 54, 55]. Through a series of constant
comparisons of data with data, and of data with theory, the
researcher develops an initial theory, iteratively tests it with new
data, and gradually develops a stronger and more interesting
theory with better fit to the data. To do this, the researcher must
make a series of decisions about which categories or dimensions
of the data are important. S/he can then collect more data to
confirm or disconfirm those candidate dimensions, and to
establish new hypotheses for further qualitative inquiries (new
samples or sites for the next iteration of GTM analysis) [15, 17,
28, 43, 44, 54, 55].
Unsupervised learning approaches in ML, such as clustering and
topic-modeling, have been characterized in similar ways [22, 32].
Through a series of data-driven clustering and grouping
explorations, the researcher develops an initial sense of the
possible underlying patterns in the data, iteratively tests clustering
parameters, and gradually finds a stronger and more interesting set
of parameters with better fit to the data. To do this, the researcher
must make a series of decisions about which parameters are
important. S/he can then refine those parameters and experiment
with higher-order interactions that involve the subset of
parameters, thus confirming or disconfirming those candidate
parameters.
While these two descriptions are not perfectly matched, they
exhibit strong similarities. Both methods are exploratory; both
methods are grounded in the data; both methods involve iterative
and testable intermediate versions, and both methods require
human discernment to refine their models. The researcher’s
problem is, in part, to find the best data that correspond to the
hypothesized structure of the current knowledge.

3.2 Prediction-Validation / Supervised ML /
Glaserian GT
A second area of similarity occurs in Glaserian GTM. Glaserian
GTM explores a new domain, but with guidance from one or more
of Glaser’s coding families [16, 25, 26]. Part of the researcher’s
task is to choose the coding family that has the strongest fit to the
data, and the best relationship to formal (preceding) theory.
Different coding families may be confirmed or disconfirmed by
collecting more data, in new samples or at new sites chosen to
make a strong test of the current coding family(ies).
Supervised learning in ML (e.g., regression, decision trees,
random forests, and many other predictive methods) operates in
somewhat similar ways. In supervised learning, there is a concept
of ground truth or gold standard, in which the nature of the
categories in the data is known a priori, and for which the
researcher tries to find the best predictors [38, 61]. Different
predictive parameters may be tested, en masse or individually, and
may be confirmed or disconfirmed through further analysis.
We see similarities between GTM coding families and ML ground
truth measures: Both are known a priori; both serve as a kind of

4. Evaluating the Quality of Results
4.1 Quality and Fit
A frequent concern in ML is to avoid overfitting, which is a model
that performs well on training data, but fails to generalize to new
data. ML establishes quality using statistical comparisons between
a model’s predictions and actual data. For example, crossvalidation tests the robustness of a solution within a data sample
[36]. A computed model may also be applied to a new set of data
or to held-out data, or different models compared on the same set
of data [19]. In each case, statistical tests for the degree of fit
determine quality.
In the case of supervised learning, it is also common to test the
accuracy of the computed model from one dataset, through a
comparison of correctly vs. incorrectly classified data points in a
second dataset (i.e., in a confusion matrix) [53]. Thus, the
robustness of a ML analysis depends crucially on a search for
unexpected data (i.e., disconfirmation of the current version of the
model), and is tested by recourse to more data.
Formal GTM follows a process that iteratively tests both internal
coherence of the emergent theory, and the ability of the theory to
describe new data. Some GTM researchers make reference to the
logic of abduction [15, 48, 57]. While the details are beyond the
scope of a note, the core steps of abductive logic include:
collecting a small amount of data; constructing an initial theory
based on those data; determining the weakest point of the theory;
and then collecting a second small amount of data designed to
break the theory – i.e., to test it at its weakest point; and iterating
this process until there is no new learning (the theory is stable)2.
This abductive process in GTM is broadly described as theoretical
sampling, because each iteration of the emerging theory is used to
select additional data to test it [15, 48, 52, 57]. The comparisons
of data with data, and data with theory, are consistent with the
principle of constant comparison mentioned earlier. Similarly to
issue of overfitting in ML, the robustness of an emergent theory in
grounded theory method depends crucially on a search for
unexpected data (which signal a need to continue developing the
emergent theory), and is tested by recourse to more data (see [34,
44] for further details on the necessity of unexpected data to guide
theoretical sampling in GTM).
Essentially, the difference is analogous to performance vs.
description. ML assesses quality by testing how well a learned
model performs on new data. GTM assess quality by asking how
well a theory describes data from a novel context.

4.2 Iteration and Human Evaluation
Both ML and GTM follow iterative processes. In GTM, human
researcher(s) iteratively analyze data while revising their theories
about those data. In ML, an algorithm iteratively refines a
mathematical model for the data until the model converges and
2

Some ML algorithms, such as perceptron and SVM, focus on
those data points where the model fits poorest. These points are
tested in a prescribed iterative process, though, rather than
strategically selected by the researcher.

satisfactorily explains the data. Both these iterative processes also
occur at multiple, nested levels, drawing attention to two
differences.
First, at the lowest level, ML fully automates the iteration.
Algorithmic iteration takes place while a model is fitted to data,
and requires no human intervention. In grounded theory, iteration
through the data is done by the human researchers.
Second, at the higher level, human judgments play a role in both
processes. In GTM, following principles of theoretical sampling
[15, 52], a human researcher may intentionally seek out data that
challenges an existing theory. In ML, a human researcher may use
preliminary results to tune aspects of the analysis, such as a
stopword list, number of categories, number of iterations,
optimization calculation, hyperparameter values, etc. [34].
However, the role of human judgments is reported differently in
research results. The human level of iteration is integral to GTM,
and is both described in canonical texts and often reported in
research results. By contrast, in ML, this higher level creates a
dialogic iteration between human researcher and computational
algorithm, but it is rarely described as such. Instead, ML is often
described as a linear process, from data collection and curation
through feature extraction to classifier training and testing, rather
than an iterative process of trial and error. This difference draws
attention to divergent disciplinary norms, divergences to which
future work will need to attend.

5. Research Directions
In related work, Baumer et al. [6] proposed a Conjecture about the
relationship between GTM and the specific ML technique of topic
modeling. This conjecture asserts that any theoretical concept
identified via grounded theory or similar analyses should occur in
part via linguistic regularities that can be detected by algorithms.
Put differently, the two different methods should be capable of
generating comparable results. Baumer et al. suggest that future
research should investigate the conditions under which this
conjecture holds.
In this section, we propose several more integrated combinations
of methods, in which conclusions would be based on the weavingtogether of methods and outcomes. We consider three
“configurations of methods.” Each of these configurations is from
unpublished research. We provide a sketch of how the analyses
might proceed. We hope that other researchers will propose more
diverse configurations.

sentiment [31], linguistic style matching [18], or framing [6,
12].
ML
GTM. The inverse of this strategy could also be adopted. We
could begin with a ML classification against a ground-truth
outcome measure. Once this formal classification was complete,
we could then apply GTM to search for emergent properties
within each of the ML classes.
Example ML
GTM: Mitra and Gilbert used ML to classify

and predict successful vs. unsuccessful Kickstarter proposals
[42]. In an extension of this work, we could apply GTM to
study how the words and tuples that they identified
combined conceptually into persuasive strategies and
implicit appeals that were made in each class of proposals.

5.2 Hybrid Iterative Methods
Our third configuration puts the two sets of methods in a more
integrated, iterative process. Following the examples of [8, 49],
and especially [2, 56], we propose an expansion of the GTM
concept of theoretical sampling to put these two methods into
constructive, iterative dialogue. An initial analysis could perform
large-scale pattern analysis, similarly to Azary et al.’s analysis of
Wikipedia texts [2]. The revealed patterns would then point to
interesting cases, which could be studied via GTM, similarly to
Thom-Santelli et al.’s approach to using macro-scale data patterns
in order to select sites (persons) for open-ended interviews, which
were then analyzed via GTM approaches [56].
We propose that researchers could alternate between developing
each iterative step in a series of evolving GTM theories of a
phenomenon, and each iterative step in a successively refined ML
model of that phenomenon (i.e., one complete run of a topicmodeling algorithm). Each of these small iteration steps is a form
of constant comparison, and would require comparison to each
type of data. Each method would inform the other method, with a
progressive strengthening of the core representation of each
method (i.e., a theory composed of dimensions in GTM; a model
composed of features in ML). Theoretical sampling would
become more complex, and potentially more powerful, because
each theory or model would suggest new data to sample in the
domain of the other theory or model (i.e., from GTM theory to
ML data, and from ML model to GTM data).
Example Iterative: In a study of online forums for patients
and informal caregivers, we might want to understand how
people are evaluating the option of palliative care. One
forum for “Palliative Care” contains 5758 postings
organized into 177 human-specified topics, authored by 969
contributors.3 Postings can be long and complex, and
therefore resist classification approaches that place each data
item into at most one class.

5.1 Comparative Sequential Methods
Our first two configurations propose to use the methods
sequentially, with one method structuring a series of smaller
research projects using the other method. There are two variations
in this approach, differing in terms of primacy.

We might use the more flexible ML method of topic
modeling, which assumes that each posting may be drawn
from one or more latent topics [8]. We could then select the
subset of individuals associated with certain topics, and
apply GTM to understand the themes and concerns of the
patients and caregivers. So far, this step is an example of the
ML
GTM configuration discussed above. We could then use
the emergent dimensions from the GTM analysis (e.g.,
complexly interleaved themes of fear and hope) to
reconfigure the topic-modeling analysis, and then derive a

GTM
ML. In an analysis of group discourse, we might discover

different types of contributions. Once we have texts grouped in
this way, we could then apply ML methods in a quantitative
analysis of the linguistic attributes of each type of contribution.
Example GTM
ML: In a study of social media use within

an organizations’ Intranet, we have found 30 distinct types
of postings. GTM could help us to combine these types into
higher-order conceptual classifications, such as texts that
originate a discussion; vs. texts that respond to a previouslyoriginated discussion; vs. texts that curate or evaluate the
contributions to a discussion. We could then apply text
analysis and ML to understand the large-scale linguistic
phenomena within each type of contribution, such as implicit

3

See, e.g., https://community.breastcancer.org/forum/77. Posts
were extracted on 25 November 2015.

second iteration of topics. This step looks more like the
GTM
ML configuration discussed above. The revised topic
model would then suggest new sets of postings to be
analyzed via GTM.
Overall, this process sketch applies the GTM principle of
constant comparison of data with theory (in ML and in
GTM), and of data with data (in the interplay of GTM and
ML). The process also applies the GTM principle of
theoretical sampling, in which the current state of the
analysis (i.e., the emergent theory) is used to select the next
site or dataset for the next iteration of the analysis.

6. Conclusion
In writing this paper, we wondered if the similarities between
GTM and ML arose from a deeper resonance. We note that the
Hybrid idea makes sense because GTM and ML pursue similar
core research program (“strategies,” as it were), even though they
use different methods (“tactics,” as it were). It may be that these
two methods – and, probably, other methods in HCI and CSCW –
reflect common goals of inquiry in knowing and describing our
phenomena (e.g., [47]). While clearly beyond the scope of the
current paper, we hope other researchers will explore to what
extent similarities (or divergences) among different methods may
contribute to a deeper convergence of research methods.
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