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Corpus Modeling and the 
Geometries  of Text
Meaning Spaces as Metaphor and Method

Dustin S. Stoltz, Marissa A. Combs, and 
Marshall A. Taylor

Introduction

The spatial turn in computational text analysis is inciting a sprightly interdiscipli-
nary passion that seems, at times, to entail sprinting when we ought to mosey. These 
advances—​specifically the growing family of word embedding techniques—​are based 
on the insight that the statistical properties of word co-​occurrences form a kind of 
generative structure. In the middle of such exciting headway, it is wise to take a pause 
to think through the spatial theories and methods underlying “language modeling” 
techniques—​namely, word embeddings (factorization, neural, and transformer). As 
someone probably said, “Patience is bitter, but the fruit is sweet.”

In this chapter, we stroll through the theoretical implications of spatial metaphors and 
inspect how the properties of topologies aid and inhibit our theories of textual meaning 
(see also Stuhler, Stoltz & Martin, in this volume).1 In particular, we focus on the use 
of neural networks and deep learning to produce embedding spaces and the ways that 
metric spaces may distort our theoretical understanding of semantic spaces. We then 
saunter along the technical aspects of embedding texts into space by observing the 
uniting objectives of both classic and contemporary embedding techniques. Training 
objectives privilege some perspectives over others, and therefore it is more pre-
cise to describe model performance in terms of agreement as opposed to accuracy in 
predicting a “ground truth.” In other words, ground truth for whom? This leads us to 
a necessary—​and increasingly foregrounded—​input to such techniques: the corpus. 
Meaning spaces are fundamentally relational such that we see “spooky semantics at 
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a distance.” The overall structure of the continuous semantic space constructed from 
corpora determines the “meaning” of each element in that space. While we can induce 
meaning from “local” structures, each act of inclusion and exclusion in corpus con-
struction ripples throughout the totality of that space. Even with the confidence that 
big data lends to our analyses, and the undeniable augury of “large language models,” 
researchers should take care to identify sources of uncertainty and carefully document 
each decision we make when building corpora and training models on those corpora.

We conclude with our hope that more scholarship, institutional support, discipli-
nary accolades, and technical infrastructure will be directed toward carefully building, 
documenting, and sharing corpora, as well as machine learning (ML) models trained 
on those corpora. Advances in ML cannot solve omissions in our corpora. And, without 
sharing, these omissions may go unnoticed and undertheorized. Luckily, unlike con-
ventional cartography, with ML techniques in computational text analysis, we can share 
both the maps and the territories.

What Is the Space?

Mining is arguably the most common metaphor for text analysis. Here, words are 
treated as, more or less, discrete indicators and distinguished as either signal or noise. 
Meaning is quarried from corpora and meaningless debris discarded. This “variables” 
approach to text analysis aligns with substantialism in social scientific inquiry. Critiques 
of this position (Abbott, 1988; Bourdieu, 1984, p. 103; Coleman, 1958; Emirbayer, 1997) 
often draw on Cassirer’s distinction between “thing-​concepts” and “relation-​concepts” 
(Cassirer, 1953, p. 9). Early critics focused on conceptualizations of individuals, building 
on mid-​century advances in social network analysis but soon allied with cultural soci-
ology late in the century (Martin, 2003).

Today, most sociological theories of culture are cozy with the notion that meaning is 
relational (Mohr et al., 2020; Spillman, 2020). Although we can consider relationalism 
and substantialism as two poles of a continuum—​placing “different value [or emphasis] 
. . . upon the thing-​concepts and relation-​concepts” (Cassirer, 1953, p. 9)—​it would be 
difficult to find a defender of a purely substantialist approach to meaning. Mining, then, 
is a poorly suited metaphor for sociological text analysis. Luckily, we can draw on (at 
least) three relational metaphors: systems, graphs, and spaces.2 Here, we focus on spaces 
and the ML techniques used to create spaces out of texts.

Spatial metaphors in sociology are primarily specified as fields, drawing on gravita-
tional or magnetic fields, landscapes, or battlefields (Gerber, 2020; Green, 2008; Martin, 
2003). Like graphs and systems, spatial metaphors of meaning proceed from the pos-
sibility that the relations between elements form a structure—​that is, a topology. The 
shape of this topological space provides insight into meaning beyond the elements in 
isolation and allows for the comparison of spaces—​either the same domain over time, 
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spaces derived from distinct domains or communities (Enggaard et al., 2023; Hamilton 
et al., 2016; Stoltz & Taylor, 2021). Ultimately, the purpose of spatial methods for 
sociologists is to organize text in ways that aid interpretation and discovery. Facilitating 
this requires reduction: “embedding” information-​rich writings in simplified spaces 
while remaining faithful to the patterns in those writings (Lee & Martin, 2015). What 
follows are some considerations when moving from a conceptual space to a metric space 
and, in particular, some of the ways they may clash.

Distances and Continuity

The most basic space is one-​dimensional: a linear spectrum or continuum (Biernacki, 
2012).3 For example, the color spectrum, “thin” measures of trust or morality, and gender 
as a direction from “masculine” to “feminine” (Abend, 2019; Arseniev-​Koehler, 2021; 
Taylor & Stoltz, 2021). With space (or topology) meaning is (typically) continuous—​for 
example, the real number line. This is despite the elements of that space often being 
(roughly) discrete units, like words, documents, authors, and so on. Semantic relations 
between elements are mapped to spatial distances between their positions. The contin-
uous space is infinitely divisible, so positions in such a space are also infinite. As the uni-
verse expands, energy emerges to fill that space. Similarly, the space between elements 
is no less meaning-​full. Spaces thus can represent both manifest and latent meanings, 
with elements (e.g., words, documents) emerging like particles from quantum fields of 
potential significance. Following Lewin’s “principle of contemporaneity” in field theory, 
embeddings provide insight into the “totality of the current situation” (Martin, 2003, p. 
18) in which the current situation is a corpus. There is no “main effect” to be extracted 
from noise and randomness (Abbott, 1988). Nevertheless, we typically draw insights 
from inspecting local penumbras or induced subspaces rather than the topology as a 
whole (but see Cai et al., 2020; Ethayarajh, 2019; Rajaee & Pilehvar, 2021).

To move this metaphor from theory to method, we can begin to turn our theoretical 
topological space into a metric space by assigning any element in this space a vector. 
When discussing spaces, a vector is a set of directions and magnitudes in each direction. 
To record the positions of, say, a wisdom of wombats in a pen we need the magnitudes 
for just two directions and two references. In our example, references may be the fence 
posts of the pen (absolute “Netwonian” space) or just the relative positions of the 
wombats themselves (relativist “Liebnizian” space). Osgood’s work (e.g., Osgood et al., 
1957) is a groundbreaking example of such a spatial approach to meaning. By asking 
people to arrange words along various “semantic dimensions,” and using factor analysis, 
Osgood concluded that just three dimensions—​good/​bad, active/​inactive, powerful/​
powerless—​explained most of the variation in these judgments. Desikan et al. (2020), 
similarly, assigned words to three-​dimensional vectors in a uniform red, green, and blue 
color space by summarizing the color distributions of Google Image search results asso-
ciated with those words.
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Intuition and Transitivity

In contemporary text analysis, the spaces used to represent meaning are usually 
“high dimensional.” This entails going beyond the comfort of our three-​dimensional, 
human-​scale worlds. There is a smattering of people who can “visualize” in higher 
spatial dimensions. Famously, Alicia Boole learned to visualize in four dimensions 
(Polo-​Blanco, 2008). Born with strabismus, William Thurston had to learn to “re-
construct a three-​dimensional image from two-​dimensional ones” and used the pro-
cedure to “see” four and five dimensions (Gabai & Kerckhoff, 2015). Many, however, 
have nothing in mind when thinking about theoretical constructs (in the extreme, 
those with aphantasia can conjure no mental imagery). Even among mathematicians, 
there is a decades-​long discussion about the role of mental imagery in mathemat-
ical reasoning (Wheatley, 2013). So, that high-​dimensional spaces tend to run against 
our everyday perception of spatiality is not necessarily a failure for such approaches. 
This is important for geometric analyses of texts, as we often deal with hundreds of 
dimensions.

Adding dimensions to our conceptual “meaning space” provides a tool for thinking 
through the complexities of meaning. Imagine (or draw) a one-​dimensional space. If 
wombat A moves closer to wombat B while wombat C moves closer to wombat B, then 
wombat A and wombat C also move closer to each other. When we imagine a higher di-
mensional space, it provides a way of thinking about potentially intransitive semantic 
relations like the example given by James (1890, p. 579): The moon and a football are 
similar in shape, and a moon and a gas jet are similar in luminosity, but a football and 
gas jet are not similar in any respect (Tversky & Gati, 1982, is foundational, but see Jones 
et al., 2018; Nachshon et al., 2022; Rodriguez & Merlo, 2020). Such high-​dimensional 
spaces are perhaps uniquely suited for the complex and peculiar meanings of texts, the 
polysemy of words, or the multiple intersecting identities of characters and authors (e.g., 
Nelson, 2021). However, strict (mathematical) intransitivity is not possible with a single 
metric space.4 To draw out these complex relations, then, we can deploy post-​processing 
techniques to contextualize words (e.g., Arseniev-Koehler, 2021; Jones et al., 2018; 
Nelson, 2021;  Rodriguez & Merlo, 2020; Taylor & Stoltz, 2021; Utsumi, 2020) or perhaps 
use several spaces or different kinds of spaces (e.g., Jäkel et al., 2008; Neelakantan et al., 
2015). In other words, some meanings are latent in the space, and we must go exploring 
to find them.

The Curses of Dimensionality

As we increase dimensions, one might imagine the space will better conform to the intri-
cacy of our texts, filling the nooks like cling wrap over a plate of mom’s hyperdimensional 
spaghetti. Why not continue to add more dimensions? There are two considerations that 
give us pause; one is mathematical and the other conceptual.
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First, consider the “curse of dimensionality” (Bellman, 1961, p. 94). Bellman was 
referring to the ways computational limits rendered some deterministic calculations 
impossible, thus requiring approximate calculations in their stead. Computational re-
sources have certainly increased since Bellman, but this remains a constraint. However, 
even before we hit this computational constraint, there is a point of diminishing infor-
mation. Each new dimension increases the overall “volume” of the space. Increasing the 
volume pushes points farther apart while also restricting these points to a particular 
region of the space. Imagine a two-​dimensional circle. If a point is selected at random, 
it is more likely to be near the edge than the center. If we add a dimension to create 
a sphere, the volume increases, so points can be more spread out. We are also more 
likely to randomly select a point near the equator rather than the poles. As we move to 
“hyperspheres” above three dimensions, both of these features compound. Points are 
pushed towards the “equator” and farther apart, up to the limiting case where each point 
is functionally the same distance from any other point, and most of the space is effec-
tively empty. The word embedding vectors for “scotoplane” would become just as far 
from “fringehead” as “Gallifrey” is from “Earthseed,” and thus, we learn little about the 
meanings of those words from their relative positions in the semantic space. In lieu of 
increasing dimensionality, we may follow similar strategies discussed above like, for ex-
ample, experimenting with different kinds of spaces (e.g., Desikan et al., 2020; Linzhuo 
et al., 2020) or using several spaces or layers (Hamilton et al., 2016; Stoltz & Taylor, 
2021).5

Second, social life is indeed messy and nuanced, but many would argue that sum-
marization is necessary for understanding, interpretation, and explanation. As it relates 
to sociological theory, Healy (2017) argues that the “free-​floating demand that some-
thing be added” (p. 119) should be resisted: “Demands for more nuance actively inhibit 
the process of abstraction that good theory depends on” (p. 121). In computational so-
ciology, we may fall prey to something akin to “nuance traps.” An uncritical taste for 
greater computational complexity may inhibit scientific advancement by, for instance, 
making replication computationally unfeasible for those with limited resources, 
restricting the audiences conversant in such procedures, producing overly particular 
models, and prioritizing “shock and awe” over sound interpretation and useful theory.

Few methods offer such a faithful realization of (linguistic) habitus (Arseniev-​
Koehler & Foster, 2022): “structured structures predisposed to serve as structuring 
structures, that is, as principles of the generation and structuring of practices and 
representations which can be . . . ‘regular’ without in any way being the product of obedi-
ence to rules” (Bourdieu, 1990, p. 53). Nevertheless, given the ways the correspondence 
between meaning and (metric) space frays, we should be cautious about overly realist 
interpretations of ML techniques and be content to use meaning spaces as a pragmatic 
merging of metaphor and method (see also Arseniev-​Koehler, 2021). In this regard, we 
can look for guidance from scholars offering sobering discussions of the excesses of “AI 
hype” in the technology industry (e.g., Bender, 2022; Martin, 1993; Raji et al., 2021). In 
the final analysis, the machine does not “learn,” and the AI does not “know”—​we are the 
learners and knowers.
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What Is the Objective?

In his influential treatise on a theory of general semantics, the linguist Alfred Korzybski 
(1958) wrote that “a map is not the territory it represents, but, if correct, it has a similar 
structure to the territory, which accounts for its usefulness” (p. 58). Korzybski used the 
mapping metaphor for purposes different from our own (for him, to articulate the re-
lationship between linguistic abstraction and real-​world experience), but attention is 
drawn to the same underlying cartographic insight: A map is useful insofar as it is a sim-
plification of the territory of interest.

There are questions downstream from this insight, however. How do we want to rep-
resent the territory? After all, cartographers can map various dimensions of a territory: 
its geopolitical boundaries, sociodemographic distributions, or topological features, to 
name a few. How we represent a territory then leads to the question central to this sec-
tion: What do we want to learn about the territory, given this representation? In other 
words, what is the objective?

To bring this back to text, our goal here is to articulate how the form that our tex-
tual map takes is driven, in no small part, by what we hope to learn from it. If we want 
the texts to “tell us something about themselves,” then we are typically using an algo-
rithm that predicts something internal to the data—​for example, predicting a context 
word given a target word, or the topic to which a word token in a document should 
be assigned. Alternatively, we might want to learn something about the relationship 
between our texts and some other (potentially non-​linguistic) categories that we, as 
analysts, have brought to bear on the documents ourselves. In this case, we are probably 
using an algorithm that predicts something external to the texts. The key point is that 
the objective itself drives how we represent our texts. Importantly, though, the objective 
dictates not just the representation but also whose decisions—​document producers’ or 
analysts’—​we privilege in our workflow and analysis.

Internal and External Objectives

At the risk of oversimplifying, ML algorithms for texts can be grouped into two 
categories: those that predict something internal to the texts and those that predict 
something external to them. Consider two popular algorithms: word2vec and logistic 
regression.6 Word2vec (Mikolov et al., 2013) is a popular suite of models for training 
word embedding models—​that is, assigning each word in a vocabulary a vector of 
real numbers over a set number of dimensions (often 100 to 300). Word2vec is a form 
of “unsupervised learning,” whereby the analyst provides no preclassified data in the 
learning process. This can be contrasted with logistic regression, for instance, which 
can be thought of as “supervised learning,” whereby analysts label some texts (or recruit 
others to do so) and use those labels to train a model that then predicts the (probably 
unknown) labels for a set of other texts.
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Word2vec has an “internal objective”: It produces vectors through a series of word-​
level prediction tasks. Specifically, within a context window (i.e., a certain number of 
words around a target or “focal” word), the model can either predict a context word 
given a target word (using the “skip-​gram” estimator) or predict a target word given its 
context words (using the continuous bag of words, or CBOW, estimator).

Logistic regression, by contrast, has an “external objective”: It attempts to learn the 
relationship between texts’ linguistic features (typically, unique words) and analyst-​
provided labels by finding the weights for each feature that maximize the log-​likelihood 
of generating our observed document labels. These feature weights form a model that 
can then be used to predict the unknown labels for other texts.

The point here is not to get into the estimation details of any particular model but 
instead to underscore how our objective privileges certain types of information and 
therefore shapes what our textual representations can look like. With a model like 
word2vec—​and unsupervised models for texts more generally—​our analysis privileges 
the many linguistic decisions of the producers of the texts (as well as the collators of the 
corpus). Did the producers attempt to write with particular styles? Did they have genre 
conventions they were attempting to honor or subvert? Were they writing to reflect 
a dialect? Did they have a particular audience in mind? Did the medium (e.g., news-
paper versus social media post) constrain their writing formally or practically? Are we 
dealing with transcriptions of verbal speech? The potential questions about the context 
of document production are endless. Many of these questions will remain unknown or 
unknowable and vacuumed into error terms. Nonetheless, unless we are willing to say 
that production contexts play no role in shaping the writing that ends in our corpora—​
something that virtually any cultural production scholar would tell us is blatantly false 
(Becker, 1984; Childress, 2017)—​then we must come to terms with the fact that docu-
ment producers’ decisions and constraints can wreak havoc on the assumption that the 
linguistic patterns we find in our analyses are only functions of linguistic features that 
we can see.

What this means practically is this: Just as cartographers must wrestle with the 
bounding problem (what goes inside the map and what stays outside?), so too must 
the text analyst think critically about which texts—​and which types of texts—​go into a 
corpus.7 Building a scraper to collect millions of newspaper articles is easy; curating and 
pruning that collection is hard; knowing which articles were not digitized is even harder. 
“Every map is at least, whatever else it may claim to map, a map of the map-​maker: her/​
his assumptions, skills, worldview, etc.,” Korzybski (1958, p. xvii) explains.

Methods that work with an “external objective” have to deal with these same issues 
surrounding the document production process, insofar as textual qualities (e.g., term 
frequencies, topic probabilities, part-​of-​speech frequencies, etc.) are used as features 
in the label prediction process. These methods, however, also privilege the judgments 
made in the hand-​labeling process. Well-​executed document labeling is, of course, not 
done willy-​nilly; research teams rely on labeling protocol, regular meetings, and test la-
beling sessions to reach satisfactory values on various interrater agreement statistics. 
That said, these labels still reflect a certain definition of what constitutes a document 
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(or whatever the lexical unit of analysis is) being inside or outside of a category. This is 
not meant to be read as a critique of hand-​labeling text data (cf. Biernacki, 2014)—​in-
deed, hand-​labeling (or analysis in and of itself) is a vital step in many sociological text 
analyses (Nelson et al., 2021). Rather, we emphasize that treating hand-​labeling as the 
“gold standard” (Nelson et al., 2021, p. 205) for text analysis in sociology might create a 
false sense of security or certainty. Put plainly, as hand-​labeled data are often treated as 
the “ground truth” against which other methods are measured for “accuracy” in the so-
cial and computational sciences, this assumption of “ground-​truthiness” can tempt us 
into glossing over an importation question: Ground truth for whom? The answer is, in 
the final analysis, it is the ground truth for the analysts.

To the extent we talk of “validating” our spatial representations of corpora, we are 
better off speaking of agreement rather than accuracy. Would the producers of the text 
agree with a given representation? Would the audiences? Would the analyst? This is un-
avoidable, certainly, but it is by no means a death knell to these methods, and it is not 
even specific to text analysis. What it does mean is that there can be interesting, theoret-
ically generative, and (and perhaps unknowable) interaction effects between document 
production contexts and analysts’ decision-​making on how a text is mapped and what 
sort of meaning can be gleaned from that map. This omission of the social positions of 
those producing and/​or rating corpora reveals an important opportunity for future so-
ciological analysis. It also squarely rejects the possibility that larger corpora and more 
complex ML algorithms will soon “solve” the problem of meaning.

Objective or Algorithm?

It makes sense to say that the algorithm we choose is what determines the representa-
tion that our textual map takes. After all, the algorithm takes our texts and spits out a 
simplified structure (space) of the texts’ linguistic regularities and relationships. Some 
of these algorithms produce output that is literally spatial and therefore subject to the 
geometric qualities discussed in the previous section, while others (like logistic regres-
sion and other categorical classifiers) are less obviously so.

But, most of the time, the choice of objective is going to matter more than the choice 
of algorithm. Let’s focus on word embeddings as a case in point.

There is an ever-​growing number of methods that can give us word vectors.8 It is 
not hard to find arguments for when to use one method over another—​for example, 
word2vec with the skip-​gram implementation is preferred over its CBOW counterpart 
for learning the vectors of rare words, while the fastText model (which incorporates 
subword information by learning subword character n-​gram embeddings) is necessary 
if we want vectors for words that do not appear in our training corpus (Bojanowski et al., 
2017). Each of these algorithms also has tuning parameters—​such as context window 
size, symmetric or asymmetric windows, learning rates, and dimension length—​that 
can affect our output.
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At the end of the day, though, these algorithms produce vectors that maximize or min-
imize some quantity. For GloVe (Pennington et al., 2014), another popular algorithm, 
that quantity is finding the word vectors in which the dot products of the vector pairs 
minimize the error in predicting the log of that word pair’s co-​occurrence frequency. 
For word2vec, it is finding the word vectors that maximize the average log-​probability of 
a target and context word co-​occurring. What we see here, though, is that both methods 
are essentially trying to maximize the same thing: pointwise mutual information, or the 
extent to which a target and context word co-​occur more than we would expect if they 
were independent of one another in their usage. This optimization based on mutual in-
formation remains true for embedding methods based on transformer architectures 
(Kong et al., 2019).

So, ultimately, the popular embedding models at our disposal (currently) are all 
trying to converge around the same objective function (which is why their vectors 
are often quite similar). Consider an analogy here to maximum likelihood models for 
generalized linear regression. There’s a host of maximum likelihood estimators: for 
example, the maximum likelihood estimator, full information maximum likelihood, 
pseudolikelihood, and restricted maximum likelihood. But they are all trying to find an 
approximation of the same thing: the parameter estimates that, in the aggregate, max-
imize the probabilities of getting the observed data that we do. In the final analysis, the 
choice between them is more what the data can and cannot support (e.g., size of the 
sample, sparseness in select covariates, etc.), and what probably matters more is that we 
have the right variables given our goals and research questions.

We can extend the analogy to the importance of variable selection over estimator se-
lection for minimizing measurement error. Ordinary least squares, or OLS, and logit 
models will, in probably the majority of cases, lead us to similar conclusions, but we 
very well might not reach the “right” conclusions if we use the wrong variables. To bring 
this back to the case at hand, what good is our map if we are mapping the wrong thing? 
In this case, the method for making the map (algorithm) is not going to save us; how we 
build and prepare our texts is far more important.

What Is the Corpus?

Saul Steinberg’s (1976) infamous illustration “View of the World from 9th Avenue” 
captures the myopic, self-​absorbed mental geography of Manhattanites. From the 
heart of Midtown to the Pacific Ocean, the distorted world map centers the island of 
Manhattan, where New Jersey might as well be as far away as Kansas City. And while 
indeed on a torrid summer day, the walk across town might feel like a cross-​continental 
trek, the map is but fiction. In fact, this lighthearted depiction touches on a more sinister 
and enduring relationship between cartography and the exercise of power. Mapping 
projections reflect the priorities, biases, and desires of their creators and exert a 
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profound influence on the world polity—​what political scientist Mark Neocleous (2003) 
calls “cartographic violence.” Extending the metaphor of “mapping” to the domain of 
textual data analysis necessarily involves contending with these broader theoretical 
questions regarding the selection of data, construction of models, and downstream eth-
ical implications.

Implications of Different Types of Training Corpora

All mapping methods involve a collection of texts—​typically massive quantities of texts. 
Given that spatial methods are inherently relational, what is included and excluded 
in a corpus shapes the resulting space in fundamental ways. Corpora may be strictly 
local, using the analyst’s key set of documents, or domain specific, drawing on focal 
documents within the same genre or field. Corpora can also attempt to be global, relying 
on texts that are assumed to span domains and genres so as to broadly encompass a lan-
guage or country. The representativeness of corpora depends on sampling and scoping 
decisions made by the analysts, as well as the organizational and technical context from 
which documents are sampled. Articles are trashed, books burned, sentences deleted, 
comments blocked, pages edited, and posts censored (Ben-David, 2016; King et al., 
2013; Schuster et al., 2020). Importantly, despite efforts to assure representativeness, 
researchers (and readers) should acknowledge the inherent incompleteness of corpora.

Many popular pretrained embedding models rely on the largest available corpora, 
like the Common Crawl—​a public archive of the web—​based on “crawling” from link to 
link. Conclusions based on these models rest on unverified assumptions about represen-
tation and may reinforce hegemonic cultural understandings that are overrepresented in 
source documents. While best practices regarding dataset documentation and intended 
uses have emerged for more task-​specific or local datasets, they are resource intensive 
to apply to massive unlabeled web-​scraped text data (Dodge et al., 2021). Furthermore, 
these corpora can easily become so large as to make it implausible for humans to exclude 
“toxic” content found, for example, on Internet forums (Davidson, in this volume).

Despite these limitations, Stoltz and Taylor (2021) argue that sociologists should de-
fault (at least at the onset) to using pretrained sources to enhance comparability across 
studies. Training models also require extensive computational resources and time, as 
well as access to quality training data to scrutinize. The aggregate computational en-
ergy utilized to run thousands of research training models on big corpora is not only an 
inefficient use of academic energies but may contribute to environmental degradation. 
Furthermore, the more researchers dissecting pretrained models, the more likely it is 
that their limitations will be documented. That said, if the training corpora fail to ac-
count for relevant populations or are not available for a specific community, then they 
may not be appropriate.

Such trade-​offs can be better understood by sociologists if sharing models becomes 
institutionalized in the field. More importantly, the development of corpora should 
also be valued as a legitimate end in itself and should be embraced with robust 

OUP UNCORRECTED PROOF – FIRSTPROOFS, Thu Oct 24 2024, NEWGEN

C1S10

C1P32

C1P33

C1P34

C1P35

oxfordhb-9780197653609-part-2.indd   68oxfordhb-9780197653609-part-2.indd   68 24-Oct-24   18:22:0824-Oct-24   18:22:08



Corpus Modeling and the Geometries of Text      69

 

institutional support. This could include dedicated academic centers or interdiscipli-
nary collaboratives tasked with constructing carefully documented corpora, suites of 
pretrained models, institutional review boards for dataset documentation and mainte-
nance, and increased methodological training for graduate students and researchers.

Documentation, Datasheets, Model Reports

In response to the growing recognition of the implications of different types of training 
corpora, there have been important calls for detailed data documentation and greater 
caution when using massive training corpora and pretrained models relying on such 
corpora (Bender & Friedman, 2018; Dodge et al., 2021; Gebru et al., 2021; Hutchinson et 
al., 2021; Mitchell et al., 2019). This is a caution, we argue, that sociologists should adopt.

At present, there are no industry or disciplinary standards for documenting ML 
datasets and algorithms. As a result, datasets and models are often used and shared with 
little insight into the processes and decisions underlying their creation. One key inter-
vention, championed by Gebru et al. (2021), is the adoption of “datasheets,” which docu-
ment the contexts and contents of datasets across the data development lifecycle—​from 
motivation to composition, implementation, maintenance, and recommended uses 
(Gebru et al., 2021). These datasheets should be released along with datasets. The spe-
cific components of datasheets might vary depending on the domain and organizational 
context, but Hutchinson et al. (2021) argue they should all include answers to the six 
“Ws”: who created the dataset, who is potentially impacted, as well as the what, where, 
when, and why?

Datasheets tend to emphasize the characteristics of data flowing into models. “Model 
cards” are another key intervention aimed at documenting model performance. 
Developed by Mitchell et al. (2019), model cards provide benchmarked evaluation 
across a variety of conditions, outline intended use cases, and identify potential pitfalls. 
Importantly, model cards can be used to document performance across cultural, demo-
graphic, or phenotypic groups relevant to the specific application domain, and they can 
document intersectional analyses combining multiple groups.

Datasheets and model cards improve accountability and transparency throughout 
the data development lifecycle. They encourage dataset creators to be intentional 
throughout the development process and aid data users in the thoughtful, appropriate, 
and sophisticated use of datasets and models. Implementation of robust documentation 
practices may mitigate unwanted biases in ML models, particularly those deployed in 
high-​stakes contexts such as criminal justice and hiring. Implementation may also re-
duce technical debt by creating intra-​institutional memory of changes to datasets over 
time. This encourages a view of data as dynamic rather than static or a “versionized” 
artifact (Hutchinson et al., 2021). Finally, thoughtful documentation may also facilitate 
greater reproducibility of model results.

The adoption of these documentation best practices among individual researchers 
and practitioners must be accompanied by ecological changes in the sociology of ML. 
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Emphasis and training on documentation, dataset creation, and maintenance must 
become a routine pedagogical feature of programs training dataset creators and users. 
Academic journals must be open and willing to accepting publications about dataset 
documentation, model reports, and other dataset expertise. Universities, foundations, 
and other prominent funding sources should fund grants for the development and 
maintenance of shared corpora. Reviewers and peers must demand greater methodo-
logical clarity in ML research. Sociologists should be open to interdisciplinary collabo-
ration with ML experts.

Ethics, Shortcomings, and Cautions

Robust documentation practices and greater attention to the “context of discovery” 
(Swedberg, 2012) in ML can help buffer against some of the hidden hazards of applying 
ML models to textual data. However, documentation alone cannot serve as a panacea 
for the shortcomings of these models. Researchers should take care to identify and ad-
dress, to the best of their ability, the potential computational and ethical limitations of 
this approach. If datasets and models are deployed uncritically, they may be inappro-
priately utilized in contexts that do not match their training or that reflect unwelcome 
social biases. At best, this uncritical deployment may result in economic or operational 
inefficiencies; at worst, it may have significant downstream consequences that reinforce 
and perpetuate historical patterns of social injustices in the criminal justice system, em-
ployment, education, and beyond.

One issue emerging from questions of representation is the use of so-​called low re-
source languages. These primarily oral languages are usually Indigenous or endangered, 
with few speakers and fewer scholars devoting due attention to them (Bird, 2022). While 
those using text analysis methods tend to focus on languages with larger populations 
of users, English in particular, recent efforts to incorporate new languages may argu-
ably be accused of imperialism. This is especially true when engagement is solely in 
service of downstream tasks, like mining Indigenous languages for commercial or ac-
ademic opportunity rather than producing scholarship or tools beneficial to the com-
munity or for the purposes of language preservation (Coffey, 2021). The characterization 
of these local languages as “under-​resourced” also relies on a Eurocentric deficit model, 
which privileges machine readability, standardization, and scalability, and it ignores 
Indigenous expertise and diversity (Bird, 2022).9 In response, Bird calls on researchers 
interested in nonstandardized languages to work with local language communities 
from the ground up to develop scholarship and to encourage the use of that ancestral 
language.

Another key issue concerns the potential for the (re)production of historical 
patterns of social inequality if corpora used to train models contain unwanted social 
biases (Alegria, in this volume). While many models, and word embeddings in par-
ticular, offer a uniquely intersectional approach to meaning, they are not immune to 
the wider critiques stemming from postcolonial scholars about the project of cultural 
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categorization (Borch, in this volume; Hassan, in this volume). Aspects of the word 
embedding approach have the potential to reinforce hegemonic cultural assumptions. 
Word embeddings are fundamentally built on a model of binary opposition. Feminine 
and masculine can be two opposites on the gender dimension, for example. As Arseniev-​
Koehler points out, the extent to which we believe that word embeddings model 
language as a relational system depends on how researchers understand meaning, in-
terpret the relation, and operationalize specific concepts (Arseniev-​Koehler, 2021, 
p. 14). Postcolonial scholars (e.g., Go, 2017) have highlighted the extent to which this 
analytic bifurcation—​the West and the “Rest”—​permeates social theory and remains 
largely unquestioned. Some embedding models can accommodate graded, hierarchical, 
or continuous models of opposition, but further research is needed to operationalize 
more flexible models of difference. Embedding models also tend to envision meaning 
as “unrealistically coherent” (Arseniev-​Koehler, 2021, p. 21). Words have multivalent 
meanings that might change depending on who is interpreting the semantic space. 
Sociologists should be attentive to the potential polysemy of the words and concepts 
they wish to study.

More generally, all embedding models reflect the biases of their training corpora and 
often mirror the language and ideologies of dominant social groups (Birhane & Guest, 
2020). As Stoltz and Taylor (2021, p. 4) argue, while using pretrained models is produc-
tive in that it enhances comparability across studies and expands access to scholars with 
limited computing resources, it limits the application of these models to communities 
not included in the training corpora. Capturing the racial and gendered biases of these 
dominant groups may be an asset to sociologists as they reflect the contours of the social 
world but may also have negative downstream effects on marginalized communities, es-
pecially in the implementation of high-​stakes decision-​making (Birhane & Guest, 2020; 
Stoltz & Taylor, 2021, p. 3). As the field of computational text analysis continues to de-
velop theoretically and empirically, sociologists should continue to be mindful of these 
limitations.

Thus far, we have reviewed some ethical considerations regarding the application of 
text analysis models in the technology industry. Just as important, however, are eth-
ical considerations internal to research projects within sociology. Scholars should be 
mindful of the usual issues regarding identifiability, confidentiality, sensitivity, and 
consent for data collection. Consent for web-​scraped data is of particular concern, as 
the use of those data might not reflect the original intention of the poster. Scholars and 
universities should seek to develop data infrastructure that can accommodate changing 
perspectives or desires of individuals whose data are used in their models—​particularly 
for data gathered on overstudied populations. Although private data management 
companies may be better suited to this task than individual scholars are, there is the po-
tential risk of monetizing sensitive data and acting as gatekeepers to researchers or other 
stakeholders.

A final caution on research design. Even highly skilled researchers motivated to do 
work ethically and with integrity can fall short of being perfect. A growing body of lit-
erature on the inherent uncertainties in research design and practice has found that, 
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even in the absence of structural incentives and individual biases, idiosyncrasies in 
the research process may lead to wide variability in our findings (Breznau et al., 2022; 
Hariri et al., 2019). Given all the decision points available from the creation of corpora 
to model specification and the interpretation of results, the problem of uncertainty is 
even more complex for researchers who are leveraging ML. Del Giudice and Gangestad 
(2021) argue that, like the curse of dimensionality, small decisions inaccurately deemed 
arbitrary can lead to a combinatorial explosion of misleading or meaningless findings. 
But do not let thorny, uncertain brambles leave you tangled in the “garden of forking 
paths” (Gelman & Loken, 2014). Documentation practices like datasheets and model 
cards offer concrete ways to account for uncertainty and to document decision nodes 
encountered throughout the research process. We echo Breznau et al.’s (2022) calls 
for “epistemic humility”: Even with the confidence that big data lends to our analyses, 
researchers should take care to identify sources of uncertainty and to interrogate 
decisions that they deem arbitrary. As the field continues to develop, communities of 
practice will be responsible for making sense of these challenges at a tacit level.

Computational Methods as  
Community Endeavors

We end with one final thought. Methods in computational text analysis are often lauded 
for their ability to scale to large datasets. Indeed, reducing the petabytes of text contained 
in the Common Crawl to a semantic space requiring mere gigabytes is no trivial feat. 
These methods are also uniquely suited for deeply collaborative research. A key feature 
of maps is that they are “smaller than the objects” they represent (Lee & Martin, 2015, 
p. 12).

The map, then, is an instrument that lets us project complex questions into a reduced 
space to allow simple cognitive processes to reach adequate understandings that are, 
within an allowable margin, equivalent to those that could be reached by more cum-
bersome, and error-​prone, processes. . . . We impoverish to make the artifact “small 
enough” so that . . . the writer and reader can (metaphorically speaking) both lean 
over and examine it at the same time, pointing to key features. . . . We do this not with 
a “full-​size” part, but with a “reduced-​size” whole.

(Lee & Martin, 2015, p. 12)

It is our hope that tools designed for software production pipelines can be repurposed 
for hosting, sharing, and maintaining assemblages of training corpora, models, and 
documentation in ways that enhance transparency, foster inclusion, and allow scholars 
to “lean over” at the same time. We argue that, given the myriad decisions analysts must 
make when preparing texts, it is imperative that sharing models and corpora becomes 
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the disciplinary standard—​in particular, because of the potential environmental impact 
of training new models when pretrained models will do (Scoville et al., in this volume). 
Sharing also affords unaffiliated teams the capacity to scrutinize models’ shortcomings 
and to incorporate this into the living documentation of the models.

Our field should consider the benefits of a future in which well-​documented corpora, 
and large models trained on those corpora, are not siloed in private enterprises setting 
limited access to pretrained models as a paid service. We argue that more scholarship, 
institutional support, disciplinary accolades, and technical infrastructure should be 
directed toward carefully building, documenting, and sharing corpora and models.

Notes

	1.	 Malinowski (2015) once wrote, “Social science is still burdened with the superstition that 
words contain their meanings” (p. 86), and the way we write about meaning here might 
imply that we subscribe to such superstition. We do not. We presume that textual meaning 
involves producers who (roughly) use general lexical conventions to (roughly) encode an 
intended meaning and readers who can (roughly) decode this intended meaning provided 
that they (roughly) know these conventions. The patterns we find in texts reflect, in part, 
these conventions, intentions, producers, and audiences.

	2.	 System metaphors typically pilfer Saussure’s theory of phonology (Stoltz, 2021). Per this 
theory, in its strong form, discovering the meaning of one element of the system necessarily 
requires grasping the entire system; that is, there is no “local structure,” rendering infinite 
regress and boundary-​specification critical problems (Harnad, 1990). Furthermore, taken 
to the extreme, the very idea of a position in this system is entirely constituted by relations 
of differences (e.g., Alexander & Smith, 1993), leading to the fundamental impossibility 
of knowing anything (Smith, 2011). Exemplars of this position include Jameson’s “prison 
house of language” and Derrida’s formulation of knowledge as “traces” in an otherwise un-
differentiated substance (Lizardo, 2013). In sociology, graph metaphors grow out of “organ-
icist” notions of social structure (Lizardo, 2013), formalized primarily in social network 
analysis. In language, graph metaphors are used to model dependencies between aspects 
of language, such as Barthes and Duisit’s (1975) “levels of meaning,” Levi-​Strauss’s organi-
zation of a myth by relations between mythemes, or the operation of fabula and syuzhet in 
Russian Formalism. Graphs thrive on absences. Advances in social network analysis are 
built on the notion of structural holes: not just who or what is connected but who and what 
are not connected. The structure formed by connections between elements is not informa-
tive if all elements are equally connected.

	3.	 Biernacki rightly critiques sociologists for relying on spatial metaphors and yet leaving im-
plicit these metaphors’ contributions to theoretical reasoning. Biernacki, however, elides all 
possible spatial notions to this one-​dimensional, linear spectrum and fails to appreciate the 
spookiness of more complex spaces.

	4.	 By definition, a true metric space must satisfy the triangle inequality that disallows intran-
sitivity (Griffiths et al., 2007). Some would argue, however, that intransitive meanings of 
words—​such as those found by Tversky and Gati in free association tasks—​are an arti-
fact of implicit contextualizing on the part of respondents (Nachshon et al., 2022). That is, 
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respondents never really think of a word completely isolated from a context, but they might 
not report this assumed context. So a justification for post-​processing techniques is to ex-
plicitly contextualize words when making comparisons of similarity. Nevertheless, this may 
turn out to be another instance in which there is tension between conceptualization and 
operationalization.

	5.	 Researchers have also focused on the extent to which bidirectional encoder 
representations from transformers, or BERT, and similar transformer-​based models may 
be overparameterized (Ethayarajh, 2019) and may overdifferentiate “types” such that 
two tokens of the same type are erroneously classified by the model as different types 
(Pavlick, 2022).

	6.	 Using terms as predictors, for instance, would result in a model in which each term is 
assigned a weight in predicting a binary outcome—​that is, a one-​dimensional space. Here 
we discuss logistic regression using the sigmoid function, which is appropriate for binary 
classification tasks. There are other options for multiclass classification, including the mul-
tinomial generalization of the logistic regression model using the softmax function.

	7.	 There can be consequences for not understanding the production contexts behind a corpus. 
See, for example, a 2021 study using in the Google Books N-​Gram Corpus (Bollen et al., 
2021), in which the authors claimed to have evidence that there has been a rise in “cog-
nitive distortions” in English, Spanish, and German over the past two decades. The issue 
here is that the 2020 version of the corpus included a larger collection of fictional works 
because of changing partnerships between Google and other entities in the book publishing 
industry. There was a larger collection of fiction post-​2000, meaning also a potential rise in 
embellished, colorful, and dramatic language, which could confound the researchers’ thesis 
(Schmidt et al, 2021).

	8.	 For instance, singular value decomposition on a term-​co-​occurence matrix (TCM); global 
log-​bilinear regression on a distance-​weighted TCM; neural network models of word pre-
diction tasks; and variants of these methods that account for token positions, subword in-
formation, bidirectional representations.

	9.	 Similarly, most text analysis tools available require a “segmentalism” be imposed on 
(written) language such that texts can be divided into discrete tokens—​a Westernized and 
overly “crisp set” conceptualization of language use in general (Aronoff, 1992; Lowe, 2020; 
Port, 2007).
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