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Abstract 

Grounded Theory Method (GTM) and Machine Learning 

(ML) are often considered to be quite different. We 

propose research directions for human centered data 

science that can explore their relationships to create 

and refine analytic approaches for CSCW scholarship. 
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Introduction 
Researchers in CSCW and HCI often think of GTM and 

ML as very different (e.g., [1, 7, 8, 16]), even though 

some researchers may use one of these methods to 

study non-research oriented work done via the other 

method (e.g., [2, 3, 27, 34, 51]). However, there exist 

relationships between these traditions [39] which can 

lead to interesting hypotheses and potential methods 

[4]. In this position paper, we propose exploring these 

relationships to provide directions for future human 

centered data science research. 
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Combining Big Data and Small Data 

Researchers are increasingly interested in combining 

quantitative “big data” methods with qualitative “small 

data” methods [8, 18]. Michel et al. analyzed word 

frequencies in millions of books published between 

1800 and 2000 [35]. Blevins used topic modeling as a 

way to structure a detailed inquiry into the diaries of 

Martha Ballard, an 18th -19th-century midwife [6]. 

Jockers used a topic model to study themes in 3000 

novels, but only after a laborious, iterative process of 

document and vocabulary curation [28]. Rhody used 

topic-based methods to identify figurative language in 

poetic texts [43]. Only with contextual human analysis 

were the word-clusters recognized as a repeated 

metaphor. Within HCI and CSCW, 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 [50]. Arazy 

et al. proposed using machine-learning to reveal 

patterns in log data from peer production; they 

suggested further analysis with GTM [2]. 

Machine Learning: Trends/Critiques 

Most ML algorithms function by iteratively refining a 

model until it fits the data within some threshold of 

acceptability and is often divided into supervised and 

unsupervised learning [30]. 

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 [28]. 

When new labeled data sets are collected, they are 

increasingly built using crowdsourced annotation 

platforms such as Amazon Mechanical Turk [45]. These 

crowdsourced, human annotated datasets are often 

referred to as gold standards and have become widely 

used in the HCI/CSCW community [10, 44].  

There is growing recognition of the important role to be 

played in ML by in-depth human analysis and 

interpretation. Wagstaff argues that ML research has 

become dangerously disconnected from the real world, 

and recommends that domain experts be involved [52]. 

Some scholars [53] have attempted to answer this call 

by incorporating focus groups and feedback from 

doctors in a system that predicts fetal hypoxia and 

makes judicious medical interventions. In CSCW, Sen 

et al. [44] 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 different cultural groups label 

variables differently on the same dataset – a fact 

already known in social science [32]. 

Grounded Theory: Trends/Approaches 

GTM provides a set of rigorous methods for 

constructing theory directly from data. GTM founders, 

Barney Glaser and Anselm Strauss, published four 

major works [22, 23, 24, 25] before they fell into 

disagreement and developed major bodies of work and 

method that contrasted with one another (e.g., [13, 21, 

48, 49], and especially [19]). This is already well 

known [9, 37] and is beyond the scope of this paper. 

One of several crucial aspects of the intellectual 

discipline of GTM is a rigorous way of coding data [11, 

46]. As the codes become more abstract, the 

researcher can begin to relate the data (i.e., based on 

the codes) with formal, published theory [11, 23]. 

One of the points of disagreement between Glaser and 

Strauss [19] was the method and formality of coding – 



 

i.e., the influence (or constraint) of prior work on 

developing new theory from new data. One of Strauss’s 

contributions to GTM is a relatively unencumbered 

approach to coding. Codes emerge [13, 49] or are 

constructed [11] without prior constraints. 

By contrast, Glaser developed a rigorous set of coding 

families [21]. These families grew over time, from an 

initial set of 18 coding families [21] to 40 coding 

families [12, 20], with retention of the preceding coding 

families. Thus, one of Glaser’s contributions to GTM is a 

rich set of tested coding families that can serve as a 

bridge between initial open codes and formal theory. 

Convergences 

Unsupervised ML / Straussian GTM 

Straussian GTM is often recommended as a disciplined 

way of entering a new field of study, unconstrained by 

prior theory [9, 11, 13, 23, 38, 46, 48, 48]. 

Unsupervised learning in ML has been characterized in 

similar ways [17, 26]. 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.  

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 require human discernment to refine 

their models. 

Supervised ML / Glaserian GT 

Glaserian GTM explores a new domain, but with 

guidance from one or more of Glaser’s coding families 

[12, 21, 20]. 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.Supervised learning in ML 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; the 

researcher tries to find the best predictors [31, 54]. 

We see similarities between ground truth and coding 

families: Both are known a priori; both serve as a kind 

of 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 preceding knowledge. 

DIVERGENCES 

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, e.g. cross-validation [29], specification 

[14] or accuracy [47].Thus, the robustness of a ML 

analysis is tested by recourse to more data. 

Thus, ML assesses quality by testing how well a learned 

model performs on new data. By contrast, GTM 

assesses quality by asking how well a theory describes 

data from a novel context.  

Iteration and Human Evaluation 

Both ML and GTM follow iterative processes. At the 

lowest level, ML fully automates the iteration. 

Algorithmic iteration of a model requires no human 



 

intervention. In GTM, iteration through the data is done 

by the human researchers. 

At a higher level, human judgments play a role in both 

processes. In GTM, 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. [28]. 

However, the role of human judgments is reported 

differently in research results. This higher level of 

iteration is integral to GTM, and is both described in 

canonical texts and often reported in research results. 

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. 

RESEARCH DIRECTIONS 

A Conjecture 

If a theoretical concept is grounded in the data, then 

that concept should manifest statistical regularities that 

are detectable by algorithms. 

Future research should ask: under what circumstances 

does this conjecture hold? The examples above suggest 

it may hold in many situations. However, we can think 

of counterexamples where a theoretically important 

concept may not actually manifest in a detectable 

statistical regularity. First, the quantity of data may be 

insufficient to establish statistical significance. Second, 

relevant patterns may be undetectable by a given 

algorithm. Third, a concept may be interesting due to 

its absence, e.g., a lack of tension or conflict in 

distributed teams. Fourth, a concept may manifest in 

part through several different statistical regularities 

that the algorithm does not identify as related.  

Hybrid Methods 

A second response could be to combine these two 

approaches (GTM and ML) more intimately. Following 

the examples of [6, 43], and especially [2, 50], 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 [2]. These revealed 

patterns would then point to interesting cases, which 

could be studied via GTM, similarly to [50]. Analysis at 

any level and in any direction (micro, meso, macro) 

could be furthered through iteration and refinement. 

We propose that researchers could iterate between 

developing a GTM theory of a phenomenon, and a 

successively refined ML model of that phenomenon. 

Each iteration is a form of constant comparison, and 

could not be done without comparison to each type of 

data. Each method would inform the other, with a 

progressive strengthening of the core representation of 

each method (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).  
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