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Abstract
Supervised learning is increasingly used in social science research to quantify abstract concepts in tex-
tual data. However, a review of recent studies reveals inconsistencies in reporting practices and validation
standards. To address this issue, we propose a framework that systematically outlines the process of trans-
forming text into a quantitative measure, emphasizing key reporting decisions at each stage. Clear and
comprehensive validation is crucial, enabling readers to critically evaluate both the methodology and the
resulting measure. To illustrate our framework, we develop and validate a measure assessing the tone
of questions posed to nominees during U.S. Senate confirmation hearings. This study contributes to the
growing literature advocating for transparency and rigor in applying machine learning methods within
computational social sciences.

Keywords: confirmation hearings; Senate; supervised learning; text analysis; US Congress

1. Introduction
In the past decade, computer-assisted text analysis has evolved from a rarely used technology to an
increasingly ubiquitous approach in political science. Access to massive volumes of digital text com-
bined with advances in computing and algorithm designs make text analysis easier to implement
and more relevant in research domains as diverse as state repression (Gohdes, 2020), news exposure
(Guess, 2021; Stier et al., 2022), political advertising (Fowler et al., 2021), congressional committees
(Casas et al., 2020; Park, 2021), and more.

One common task is measuring important latent concepts embedded within text via super-
vised machine learning. Generically, we imagine a researcher who wishes to measure a predefined
construct, such as negativity (Fowler et al., 2021), grandstanding (Park, 2021), or Islamophobia
(Alrababa’h et al., 2021). The goal is to create a mapping from the written text to a valid quantitative
measure. However, doing so requiresmultiple steps including data partitioning, label acquisition, text
pre-processing, and model fitting. At each stage, researchers must make choices, many of which are
consequential to the results.Thus, creating ameasure can be conceptualized as a set of interconnected
procedures. It is a pipeline, where the outputs of each stage are passed on to the next so that the final
result reflects the cumulative decisions made along the way.

Although these methods are powerful and increasingly accurate, when combined with current
reporting standards, the complexity of this pipeline presents a problem. To begin with, few of the
decisions made at each stage are justified to readers, and often they are not even described. This lack
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of transparency is particularly problematic given the sequential nature of the pipeline; information
about one step of the process in isolation can be uninformative or even deceptive. Worse, standard
practice provides readers with little objective evidence about the validity of the procedures or even
the final outputs. Together, this means that far too often readers are presented with statistical anal-
yses of text-based measures where the measurement procedure has not been adequately explained,
evaluated, or validated.

To address this limitation, this article introduces a conceptual framework for understanding,
reporting, and validating the text-to-measure pipeline. Inspired by the total survey error approach in
public opinion research (e.g., Groves and Lyberg, 2010; Althaus et al., 2022), we take a holistic view
to identify potential sources of error in the pipeline and clarify what should be reported. We system-
atically outline each stage and provide detailed guidelines, aiming to establish a reporting standard
that enhances transparency and credibility. Additionally, we emphasize the importance of rigorous
validation, echoing Grimmer and Stewart (2013a): “validate, validate, validate.” Specifically, we high-
light three key stages where transparent assessment of performance is crucial: labeling, model fitting,
and out-of-sample imputation.

Our goal is not to criticize any prior research. Nor do we intend to provide definitive “best prac-
tices,” since the field of text-as-data is too diverse and methods are evolving too rapidly to make
this feasible. Best practices for any particular measurement exercise are too context-dependent for
any advice to be authoritative, although we do provide a set reporting standards that can serve as
reasonable default. Rather, this paper adds to the ongoing efforts in the computational social sci-
ence community to establish frameworks for conceptualizing, reporting, and evaluating text-as-data
methods (Grimmer and Stewart, 2013a; Ying et al., 2021; Grimmer et al., 2022; Kapoor et al., 2022),
specifically focusing on the use of supervised learning to measure latent concepts. We provide an
approachable and coherent explanation of the various steps involved, the key decision points for
researchers, and a framework to make empirical results more credible and transparent to readers.

The rest of the paper proceeds as follows. The next section provides a brief overview of the mea-
surement pipeline—including sampling, label acquisition, text representation, model fitting, and
out-of-sample imputation. Then, Section 2 reviews current practices in the field in terms of whether
and how these stages are reported and evaluated. We find that there is a great deal of heterogeneity
in reporting practices and that robust validation at any stage of the pipeline is surprisingly rare, even
in the field’s top journals. To address this, in Section 3, we present a guideline that researchers should
follow including key decisions to be reported and validation analyses to be undertaken. In Section 4,
we then illustrate our framework with an application to U.S. senatorial confirmation hearings held
from 1997 to 2019. Specifically, we build and validate a newmeasure of tone in over 89,000 statements
made by senators in these hearings. We conclude with a brief discussion of how these recommenda-
tions might shift as the field more widely adopts alternative measurement strategies based on large
language models (LLMs).

2. A supervised learning pipeline for measurement
To limit the scope of this discussion, we make several assumptions about the research goal or “use
case”we address. First, we assume that the researcher has a predefined concept of interest, thus exclud-
ing exploratory techniques, such as unsupervised topic models; second, the goal is to create a valid
measure at the document level, such that each speech, tweet, or article is scored; third, the researcher
wishes to use a supervised learning method.

2.1. Pipeline overview
Thegoal in the text-to-measure pipeline is to train amodel using a subset of the data so that values for
the latent variable in the rest of the corpus can be imputed. A schematic for this exercise1 is shown

1Given the diversity of methods and applications, exceptions exist for nearly every characterization we make. There is an
inherent trade-off between a maximalist approach providing a complete summary of the literature and discussing all issues
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Figure 1. Summary of the supervised learning pipeline.
This figure visually depicts the text-to-measure pipeline for supervised machine learning including document subsetting, labelling, text
transformation, model fitting, and imputation.

in Figure 1. First, we select a subset of the data to use to fit a supervised model. At this stage, we
also set aside documents for validation. Identifying validation sets up front is a crucial step, which
we emphasize at multiple stages in our proposed guideline. Second, we label the document in the
training set on the latent trait of interest. In the simplest case, this is done manually by research
assistants, crowdsourced workers, or generative LLMs. Third, we pre-process the text and extract
a set of features that can be represented numerically. For example, we might remove punctuation
and create a term-document matrix (see Online Supplementary Material Section B for more details).
More advanced pre-processing steps are possible, such as named entity recognition, which identifies
important persons or places in the text (e.g.,Fowler et al., 2021). Fourth, we fit somemachine learning
algorithm(s) to accurately predict the labels as a function of the inputs. This stage typically requires
the selection of hyperparameters. Finally, we impute the latent trait with the fittedmodel for the entire
corpus.

This approach is attractive for several reasons. Most importantly, supervised learning is much
more cost-effective relative to labeling the entire corpus through a manual or crowdsourced pro-
cess. Although these approaches are possible for tasks like open-text responses (e.g., Bø ggild et al.,
2021), the size of contemporary text corpora can quickly go beyond the budget of any research team.
Fowler et al. (2021), for instance, analyzed over 400,000 Facebook ads. In our own example below,
the corpus includes 89,279 statements. In addition, supervised learning makes it relatively easy to
impose a research question. It builds a model designed to precisely estimate a predefined concept
rather thanmaking broad discoveries within the corpus.Thismakes supervised learning outputmore
interpretable for downstream tasks, such as theory testing, and helps it perform much better than
dictionary methods (Grimmer and Stewart, 2013a).

involved and a generalist approach providing a focused discussion of general issues. Adopting the latter, we acknowledge that
we cannot do full justice to all studies.
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Table 1. A review of current reporting and validation practices applying the text-to-measure pipeline

Yes No %

Subset
Scoring subset explained 10 3 77%
Validation set held back 3 11 21%

Label
Coding rules described 8 6 57%
Reliability or validity assessed 4 10 29%

Transform
Text pre-processing described 10 4 71%

Train
Model tuning explained 9 5 64%
Model validation 13 1 93%

Validation with held-out sample 3 11 21.4%
Validation beyond prediction 6 8 43%

Predict
Validation of final measure 5 9 36%

Analysis of transparency in the text-to-measure pipeline articles using supervisedmachine learning in the APSR and AJPS (2020–2023). The total
number of articles changes since not all categories are relevant to all projects.

The downside is that the end-to-end process can become elaborate; to some, it may even seem
convoluted. Furthermore, at each step, researchers must make many decisions, often with little guid-
ance. This adds many “researcher degrees of freedom” to the process and makes reporting results
cumbersome. Therefore, researchers should consider the following questions. Which decisions need
to be detailed to the readers? What evidence should we provide to give the reader confidence in the
procedures and the validity of the measure?

2.2. Current practices for reporting and validation
To motivate our discussion in the following sections, we first review current practices in the field in
terms of how these steps are reported and validated. To do so, we searched the 2020-2023 volumes
of the American Political Science Review (APSR) and the American Journal of Political Science (AJPS)
for all articles that used supervised learning of texts to create measures of latent concepts. In total,
we identified 14 observations and reviewed the articles and their appendices.2 The results are shown
in Table 1.

First, most cases (10/13) provide at least some details of how a subset was selected for scoring.3
However, in only three out of 14 articles were any observations “held out” in advance for downstream
validation, a striking finding given the importance of out-of-sample validation in supervised learning
methods.

Second, we examine how document scores were assigned and evaluated. Only eight out of 14
articles reported any details for labeling/scoring. In two other cases, however, the articles provide a
reference to existing coding schemes that are not explained in the article itself (Fowler et al., 2021;
Wahman et al., 2021). It is even less common for articles to provide assessments for these scores. Only
four out of 14 (29%) evaluated the quality of their labels. Alrababa’h et al. (2021) report inter-coder
reliability. Schub (2022) reports inter-coder reliability and provides two example posts to support the
face validity of the labels. Only Zubek et al. (2021) and Emeriau (2023) report steps to validate the
labels more extensively.

2We focus only on steps that are reported. While research teams might have done more to assess the quality of the measure-
ment than what is ultimately reported, it is not possible for us to assess all the validation procedures if these are not disclosed
to readers.

3Anastasopoulos and Bertelli (2020) relied on a corpus of major legislation identified in a previously published paper to
train their model. This represents an edge case insomuch as the method of choosing the sample is public, but not explained
within the article itself. So, we coded this observation as missing.
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Next, it is common to describe text pre-processing steps. Ten out of 14 articles provided at least
some details. Model validation of some sort is almost universal (13/14), mostly appearing as some
form of within-sample fit statistic (e.g., precision and recall for binary classifiers). However, other
forms of model validation4 were more rare, appearing in six (43%) of articles. Two examples are
Schub (2022) and Stier et al. (2022), which report highly predictive word stems. Four other papers
took similar steps.5

In addition, assessment of fit almost alwayswere conductedwithin the training sample.6 This raises
concerns because in many cases the machine learning model was selected or tuned based on perfor-
mance within the training sample. For example, Casas et al. (2020) fits a large number of models
and chooses the most accurate to create an ensemble. If models are tuned and evaluated on the same
sample, this increases the risk of overfitting. However, in our review, only Hager and Hilbig (2020);
Wahman et al. (2021), and Emeriau (2023) preserved cases for out-of-sample assessments.7 In addi-
tion, whether the tuning and testing were done on the same samples is difficult to assess because the
tuning is explained or justified in only nine out of 14 articles.8

Finally, and most critically, we examined whether the final scores—the measure to be used in
downstream analyses—were validated. Stier et al. (2022), for instance, compares the final scores to a
researcher-created metric to assess convergent validity. Anastasopoulos and Bertelli (2020) provides
a validation by replicating basic findings from the existing literature. Gohdes (2020) provides the
reader with a random selection of documents along with their predicted scores to assess face validity.
Zubek et al. (2021) adopts a combination of these strategies.9 Emeriau (2023) shows that the scores
correlate with document metadata as expected by theory. However, in the remaining articles—nine
out of 14 articles (64%) in the field’s top journals—no validation of the final measure is provided
despite the fact that they often serve as a main explanatory or dependent variable.10

In all, we found that current reporting standards for the text-to-measure pipeline are surprisingly
sparse. While some steps are commonly reported, others are rare, including (surprisingly) assessing
the quality of the labels and final measures. In other words, in many articles neither the model inputs
nor themodel outputs are validated, leaving readers to judge the validity of themeasure based only on
in-sample predictive performance, which, in the absence of validated labels, does not actually speak
to the quality of the measure.

We suspect that researchers are conducting additional analyses, but they are not included in the
manuscript since there are few clear expectations about what should be reported. To address this, in
the next section we articulate a framework for self-assessment and reporting of the text-to-measure
pipeline.

4As we discuss below, this refers to inspecting parameters or other features of the model to validate that it is relying on text
features that “make sense” for the given task and context.

5This form of validation is less feasible with more complex “black box” methods, which is related to a larger debate in the
literature about the need for more interpretable machine learning methods (Rudin, 2019; Krishnan, 2020). We do not take a
position in this debate, but note that the inability to understand the specific textual features that drive predictions only places
even greater emphasis on the need to validate the model inputs and outputs.

6In some cases, articles report fit statistics but do not specify whether or not they are calculated within the sample. We
assume here that these are in-sample statistics unless a test set is specified.

7Zubek et al. (2021) validates the model using the subset of data not used to train models, but the final model was tuned on
this data and then validated on it.

8However, two models relied on naive Bayes classifiers, which may require no tuning.
9It is interesting to note that both Anastasopoulos and Bertelli (2020) and Zubek et al. (2021) are research notes focused

on developing and evaluating a new measure or measurement technique. Extensive validations are, perhaps, much more
important where the measure itself is the major output.

10Out of the 14 studies we reviewed, the three that were not mentioned at all in this section are Park et al. (2020); Guess
(2021), andMalesky et al. (2023). Note that inMalesky et al. (2023), the supervisedmachine learning application was a tertiary
analysis designed to further validate the main analysis based exclusively on hand-coded documents.
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1 Subset

Representativeness: Report method for subsetting data for labeling and validation. Assess
representativeness.

Examples: Sampling procedures, balance tests, coverage of clusters/time periods, etc.

Size: Report size of training set (e.g., 300 or more depending on various factors)

Example: Learning curves or performance metrics at different sample sizes

Diversity : Report the diversity of the training set on the latent trait of interest

Examples: Histograms, median/mean, variance, range

Grouping : Report size and purpose of subsets.

Examples: Number of groups, documents per group, purpose of partition (see Table 2)

2 Label

Reliability : Report coding procedures and appropriate measures of reliability

Examples: Krippendorff’s (categorical), Pearson’s correlation coefficient (continuous), etc.

Label validation: Assess the validity of the labels

Examples: Showing randomly selected documents and assigned labels; Showing the re-
lationship between labels and other relevant variables; Accuracy measures (e.g., F1 or
RMSE) and/or confusion matrix relative to gold standard coding

3 Transform

Feature reduction: Report pre-processing and feature reductions

Metrics: Pre-processing procedures (e.g., stemming, lowercasing, etc.), embedding models
(including hyperparameters if relevant), relative performance of alternative approaches
through in-sample prediction tasks (e.g., F1 or RMSE)

4 Model

Model tuning : Report procedure for hyperparamter tuning (where appropriate)

Examples: Final values for key tuning parameters; In-sample performance (e.g., F1 or
RMSE) for the final model

Model validation: Report model peformance for held-out sample; Assess model validity (where
feasible)

Examples: Values for accuracy measures (e.g., F1 or RMSE) and/or confusion matrix; Key
word stems and/or predictive and exclusive terms

5 Impute

Validity 3 : Validate the final measure by reporting face, convergent, and/or predictive validity.

Metrics: Randomly selected documents along with assigned scores; Theoretically appro-
priate relationships to external factors; Confusion matrix and/or accuracy measures (e.g.,
F1 or RMSE) relative to gold standard measures

Figure 2. A guideline for reporting and validating the text-to-measure pipeline.

3. Transparently reporting the pipeline
With the general schematic shown in Figure 1 in mind, we now discuss the most critical aspects of
the text-to-measure pipeline that researchers should report. For convenience, we provide a detailed
guideline in Figure 2 that captures these key considerations.

First, researchers should subset the overall corpus for labeling and validation. This subsetting pro-
cedure should be reported since this decision can significantly affect downstream outcomes. Ideally,
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Table 2. Partitioning of the labeled data for training and three forms of validation

Group A Group B Group C Group D
(n= 2900) (n= 100) (n= 500) (n= 100)

MTurk label ✓ ✓ ✓
Expert label ✓ ✓
Held out frommodel building ✓ ✓

the readers should be able to assess the representativeness, size, and diversity of the labeled corpus
and validation sets.

Random sampling is a simple strategy to ensure representativeness. If the labeled set is not rep-
resentative, it can introduce subtle distortions. For example, in our example below, selecting only
recent congressional documents might overemphasize temporal-specific features (e.g., “trump” or
“vaccine”) that are not dispositive for earlier periods. Similarly, Anastasopoulos and Bertelli (2020)
notes that relying solely on major legislation texts could be consequential. However, researchers may
choose to over-sample specific traits or use block sampling based on existing dictionaries for a bal-
anced training set. In some cases, such as Guess (2021), the sample is built on the basis of available
labels (news articles from specific web domains).

The optimal number of documents to score depends on various factors: sampling strategy, distri-
bution, and complexity of the latent trait, text feature processing, and learning algorithms. Although
it is difficult to pinpoint the ideal size of the training set for these reasons, we suggest starting with
labeling at least 300 observations. Note that, however, in many cases far more will be needed. Then,
one can use a “learning curve” approach, adding observations until out-of-sample prediction rates
plateau (Mohr and van Rijn, 2022), while still holding out reasonably sized validation sets.

Researchers should also report the diversity of the labeled subset along key traits. This is crucial
because any feature absent from the labeled set cannot inform the learning algorithms about its map-
ping into the latent space. At a minimum, researchers should disclose the variation of the labeled
set along the latent dimension of interest. For instance, if the labels are categorical, it is important to
note how many observations in each class are included in the labeled set (e.g., histogram). For con-
tinuous measures, researchers should report measures of central tendency (e.g., median and mean)
and spread (e.g., variance, range, and/or interquartile range).

Using the sampled data that are representative, diverse, and large enough, we suggest separating
them into four groups for model fitting and validation. We present an example of this grouping strat-
egy in the application section (see Table 2). Basically, the objective is to let the first group serve as the
largest, baseline group and to reserve the other three smaller groups to validate the labels, the fitted
models, and the final measure.

Second, researchers should detail their labeling process: who did the coding (e.g., researchers,
trained research assistants, or online workers), what rules were followed, and any steps taken to
improve label quality (e.g., multiple coding). They should assess both reliability, meaning the con-
sistency of labels (e.g., inter-coder reliability such as Krippendorff ’s alpha for categorical variables
and Pearson’s correlation coefficient for continuous variables among many options), and validity.
Validity can be established through face validity (providing readers with specific documents and
their predicted scores), convergent validity (showing that the labels correspond to relatedmeasures as
expected), or some other validation strategy such as comparing the labels to gold standard coding, if
available or constructed by researchers, and measuring accuracy rates (e.g., F1 or Root Mean Square
Errors (RMSE)) (Grimmer and Stewart, 2013b).

Third, researchers must address the fundamental challenge of reducing the textual input’s high-
dimensional feature space to a manageable size while preserving essential semantic information.
The most common approach begins with basic pre-processing steps: tokenization to create a term-
document frequency (TDF) matrix (Grimmer and Stewart, 2013a), removal of stopwords, and
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stemming.11 More sophisticated dimensionality reduction techniques, such as word embeddings
(Mikolov et al., 2013; Rodriguez and Spirling, 2022), can capture complex semantic relationships in a
lower-dimensional space. When selecting a feature representation strategy, researchers must balance
two competing concerns: computational tractability and information preservation. Over-aggressive
dimensionality reduction can lead to sparse representation in the labeled corpus, potentially elim-
inating crucial semantic distinctions. To navigate this trade-off, researchers can either empirically
evaluate different feature representations through cross-validation to select the best performing
approach, or, as we demonstrate in our application, combine models trained on different feature
representations to optimize performance. When researchers lack a clear reason to favor any single
representation, the form of ensemble approach to model building used below will typically lead to
more accurate predictions than any single model. Regardless of how this is navigated, researchers
should report these steps to readers.

Fourth, researchers train models to predict labels for unlabeled documents. They should disclose
model fitting procedures and justify hyperparameter choices. Model validation can involve assessing
predictive accuracy within the labeled set. However, for complex, tunedmodels, this risks overfitting.
To mitigate this, researchers must evaluate predictive accuracy on a held-out validation set. The type
of accuracy metrics are determined based on the type of measures of interest. For continuous mea-
sures, RMSE and Pearson’s correlation coefficients can be used. For categorical measures, Accuracy,
F1-score, Recall, and Precision are widely used while there are other options (e.g., Cohen’s Kappa).
To ensure transparency, we suggest always reporting a confusion matrix for categorical measures so
that readers can compute alternative accuracy metrics if needed.12 In addition, reporting face valid-
ity can provide more confidence to readers that the scores that model predicted captures the latent
trait. For example, Stier et al. (2022)’s model for identifying political news articles heavily weighted
words like “trump,” “president,” “house,” “mueller,” “democrats,” and “campaign,” reassuring readers
that predictions are driven by sensible features.

Finally, scores are imputed for all documents to create the final measure. The quality of this mea-
sure depends on all previous steps, sometimes in ambiguousways.Therefore, we recommendmultiple
validation methods including face validity, convergent validity, and predictive validity. We provide
explicit examples in the following section (see also Grimmer and Stewart, 2013a; Goet, 2019).

In summary, this section provides a framework for transparently reporting key decisions and
validation steps in a supervised text-to-measure pipeline. By following the guideline in Figure 2,
researchers ensure readers understand critical choices at each stage: subsetting the corpus, label-
ing training data, transforming textual features, modeling feature-label relationships, and imputing
scores. This transparency enhances reproducibility and allows readers to critically evaluate the
measure’s validity and reliability.

Our guidelines emphasize the importance of thoroughly reporting the details of the measurement
process and its validation. Ideally, this information should be included in the main text of the study
wherever possible, especially if the measure is a key explanatory or dependent variable. Depending
on the centrality of the measurement to the research and the space constraints of journal articles,
many of these details may need to be provided in the appendix. However, we encourage researchers
to present at least the three-stage validationmetrics in themain text to ensure transparency and rigor.

To illustrate these principles in practice, we now turn to a concrete example: measuring the tone of
senators’ statements in 916 confirmation hearings. By walking through each pipeline step, we demon-
strate how careful reporting can bolster confidence in the finalmeasure and provide insights for future
applications.

11Denny and Spirling (2018) provides a detailed explanation on general pre-processing steps for a text analysis.
12The rule of thumb is to choose themodel with the smallest error rates.While it would be useful to have thresholds for these

metrics preset discipline-wide to help researchers determine whether amodel is acceptable or not, it is too application-specific.
So, we do not suggest such thresholds.
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4. Application: Senate confirmation hearings
In this section, we turn to an example that illustrates our framework as well as a specific set of
decisions to operationalize our recommendations. Again, we emphasize that we view these partic-
ular choices as appropriate for our application. In other contexts, other decisions may be preferable.
However, we believe that this example will serve as a template that other researchers can build from,
alter, and revise to suit their own purposes.

In this example, we measure the positive or negative tone of senators’ statements in 916 US
Senate confirmation or nomination committee hearing transcripts. These are from the 105th-115th
Congresses and include both bureaucratic and judicial nominations. We collected these transcripts
from the Government Publishing Office and Congress.gov. Typically, a committee hearing transcript
records statements made by both members of Congress and witnesses. We focus only on statements
made by committee members.13 In total, our corpus includes 89,279 member statements.

Our goal is to estimate the tone of the questions senators asked of nominees. An example is the
following statement:

“If you are confirmed, would you be willing to hold a moratorium until you are sure that all of
the local law enforcement officers have been properly trained and understand what the author-
ity is under 287(g), which is not to stop people just based on the color of their skin? I am
wondering whether or not you would be able to move in that direction.”

By our definition, a positive statement either expresses support for a nominee (e.g., by praising their
qualifications, achievements, or character) or provides a favorable description of a situation (such as
highlighting policy successes).

4.1. Partitioning
We used a simple random sampling scheme to select 3,600 paragraphs for labeling and/or validity
testing.14 The paragraphs were chosen through the following procedure: statements containing more
than 120words and composed ofmultiple paragraphswere broken down into paragraphs; paragraphs
that were too short (containing less than fifty words) were combined with adjacent paragraphs in the
same statement; subsequently, among those containing fifty to 120 words,15 3,600 paragraphs were
chosen at random. The 3,000 documents used to train our final model (Groups A and B described
below) include statements from 781 unique hearings and 200 unique senators (45.7%Republican and
55.17% Democrat).

These 3,600 paragraphs were grouped into four subsets with 2,900 (Group A), 100 (Group B), 500
(GroupC), and 100 (GroupD) paragraphs, respectively. Table 2 summarizes our partitioning strategy.
The first three sets (n = 3,500) were labeled by Amazon Mechanical Turk (MTurk) online workers
using a common procedure described below. We hand-labeled 200 documents (Groups B and D)
on a five-point scale for downstream validation.16 The 500 paragraphs in Group C were labeled but
held out from the model building, and the 100 documents in Group D were excluded from the entire
procedure.

13The following types of procedural statements are not included: the initial and final statements of a hearing with eighty
words or fewer; statements that come before the first witness’s opening statement, which usually outlines the witnesses’
backgrounds; statements with less than or equal to eighty words that include “come to order,” “recognize,” “expired,” “yield,”
“adjourn,” or “recess”; and statements with less than or equal to fifty words that include both “thank you” and “yield.”

14The number of paragraphs was chosen based on the previous research (Park, 2021) that used the same labeling strategy
we use and produced a measure with reasonably good validation metrics. However, below we further validate this choice.

15These lengths were determined by reading subsets of speeches and considering the length where semi-trained workers
could reliably summarize the tone.

16The following was our coding scheme: 1 = very negative; 2 = somewhat negative; 3 = neutral; 4 = somewhat positive;
5 = very positive.
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10 Ju Yeon Park and Jacob M. Montgomery

The partitioning strategy we propose is valuable in that it allows us to perform validations at three
different stages. First, we can validate the crowdsourced labels by comparing them in Group B with
the expert labels. Second, we can validate our model using a held-out sample by training the model
on Groups A and B only, and comparing the model’s prediction for Group C to its crowd-sourced
labels. Third, we can validate our final measure using a held-out sample by comparing the model’s
prediction for GroupDwith our own coding of the documents.We explain these procedures inmore
detail in the following sections.

4.2. Labeling
WeusedMTurkworkers to create ameasure of tone based onpairwise comparisons followingCarlson
and Montgomery (2017). Briefly, we randomly paired two documents in the sample and let workers
choose the one that exhibited positivity more strongly. We created 25,000 random pairs to gener-
ate the same number of human intelligence tasks (HITs). Each document appeared in the pairwise
comparisons with a similar frequency. We then used the Bradley-Terry model to estimate the latent
position of each document on a continuous scale, which we refer to as the crowdsourced score
of the documents. Figure C3 in the Online Supplementary Material shows the distribution of the
measure. We explain coding instructions and worker management in the Online Supplementary
Material Section C. We assess the reliability of the measure by comparing estimates using only
the first half of the HITs to estimates generated from the second half of the HITs. These estimates
are correlated at 0.593. This seems low but should be understood given the fact that the pair-
wise comparison approach is significantly affected by the volume of the data and we reduced it to
half.

Now we validate whether our labels capture our concept of interest because low-quality labels can
lead to a low-quality final measure. One option is to check the face validity of the measure. Table C2
shows 10 randomly chosen paragraphs along with their estimated scores.17 These generally confirm
that more negative statements are assigned to lower values.18

Second, we also assess the convergent validity of our measure by comparing it with our expert
coding. For 100 of these documents (Group B in Table 2), we hand-coded them on a five-point scale.
The correlation coefficient between the two scores is 0.808 (see Figure C4), again suggesting that the
labels are a valid measure.

4.3. Feature representation
As we had no a priori reason to prefer any specific pre-processing approach, we created an ensemble
ofmodels based on term-document frequency representations (TDF), embeddings, andBidirectional
Encoder Representations from Transformers (BERT) (Devlin et al., 2019).

For the TDF, we remove punctuations and numbers, put words into lowercase, stem, remove stop-
words,19 include unigrams and bigrams, and remove infrequent words by retaining only the 5,000
features—unigrams and bigrams—that appear most frequently in the corpus. To determine which of
these pre-processing steps to choose, we used the Support Vector Machine (SVM) model in the R
package and chose the alternative in each pre-processing step showing the best prediction power as
measured based on 10-fold cross validation in the training sample. The validation statistics we relied
on are the out-of-fold RMSE and the correlation coefficient between the crowdsourced labels and

17Note that random sampling of the documents is important to assure readers that examples have not been cherry
picked.

18The sentiment measure in our example is a relatively straightforward concept. Measuring a more complicated concept
may require additional pilot trials to optimize wordings in the instructions, training of the workers, sampling of the data,
etc.

19The list of stopwords we used is provided in the Online Supplementary Material Section D.

ht
tp

s:
//

do
i.o

rg
/1

0.
10

17
/p

sr
m

.2
02

5.
10

04
2 

Pu
bl

is
he

d 
on

lin
e 

by
 C

am
br

id
ge

 U
ni

ve
rs

ity
 P

re
ss

https://doi.org/10.1017/psrm.2025.10042


Political Science Research and Methods 11

the model prediction. The end result was a TDF representation with 5,025 features.20 Of these, 4,921
(97.93%) words or features are contained in the training set.21

For embeddings, we use the word2vec model, which is an unsupervised learning model also
known as distributed vector representation of words (Mikolov et al., 2013). This model assigns each
word a numeric vector that captures the context in which the word appears in a corpus by measuring
its relationship with the words surrounding it. We first took pre-processing steps, which includes
removing punctuations, numbers, and stopwords, lowercasing, and stemming. To tune embeddings
for our task, we varied four key parameters generating ninety-six different combinations: 400, 500,
and 600 for the dimension of a word vector; 5, 7, 10, and 12 for the window size; 10, 15, 30, and 45
epochs; only unigrams and both uni- and bigrams. Among the ninety-six model specifications, the
one with 400 dimensions, a window size of 5, and 15 epochs including only unigrams performed the
best in our cross validation.

BERT is an unsupervised deep learning model that was pre-trained on a large corpus to capture
representation of words and sentences and their semantic relationship. It can be fine-tunedwith small
data at the user’s end (Devlin et al., 2019). As a tuning parameter, we varied epoch size and chose the
one that resulted in the smallest loss.22

4.4. Fitting learners
To fit our model, we combined Group A and Group B in Table 2 to create a training set of 3,000 state-
ments.23 We fit 13 models in total and combined them using ensemble Bayesian model averaging
(Montgomery et al., 2012). Table D4 provides a complete list of these learners and shows their pre-
dictive performancewhere prediction is calculatedwith a cross validationwithin our 3,000 document
training set.24

Assessing themodel itself is a second validation point. However, we have used the training data set
to (i) determine the best approaches for text pre-processing, (ii) tune individual models, and (iii) cre-
ate ensemble weights for the finalmodel. Reusing the training data in this way—evenwith techniques
like cross validation—risks overfitting.

Therefore, we used our model to predict the score on the 500 documents held back for model
validation (Group C). We found that the RMSE for this set was 0.538. This compares favorably to
the RMSE of the best single learning algorithm, 0.604, the support vector machine using the doc2vec
matrix.25 The Pearson’s correlation coefficient between the crowdsourced scores and the ensemble
scores is 0.757 (see Figure D6). In all, these results suggest that the ensemble learner can accurately,
if imperfectly, predict crowdsourced labels from textual features.

In addition, we checked the most frequent word stems representing positive and negative tones
obtained through the following procedure. First, we selected paragraphs whose scores fell in the top
quartile (most positive statements) and the bottom quartile (most negative statements) of the entire

20Due to ties in the ranking, 5,021 features, instead of the exact 5,000 were retained.
21Reporting this is important, as this means that the predictions from the TDF models will be based only on these 8,496

words.
22For BERT,we used the English uncased pre-processingmodel version 3. Formore details, see https://tfhub.dev/tensorflow/

bert_en_uncased_pre-process/3.
23Section B.3. in the Online Supplementary Material demonstrates how the model’s prediction performance changes as we

change the size of the training set.
24In addition to BERT, we fit six learners on each of the TDF and word2vec based document matrices. These six learners are

Support Vector Machine, Kernlab’s Support Vector Machine, LASSO, Random Forest, Bayesian GLM, and Gradient Boosting
Machine.

25RMSE for all component models ranged from 0.604 to 1.024.
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corpus excluding the scored set26 and extracted the 300 most frequent word stems from each side.27
Then, we excluded 178 overlapping features to create a list of most frequent and exclusive stems.

We present the top 50words from each category in TableD5 in theOnline SupplementaryMaterial
and find the following patterns: positive statements are featured with appreciations (e.g., “thank-
much”, “appreci”), greetings (e.g., “pleas”, “honor”), endorsement (e.g., “proud”, “friend”) and, most
importantly, compliments on nominees’ ability (e.g., “experi”, “energi”, “distinguish”, “leadership”) or
work-related experiences (e.g., “ambassador”, “develop”, “director”, “manag”, “univers”); in contrast,
negative statements tend reference problems (e.g., “problem”, “matter”), personal views (e.g., “agre”,
“opinion”, “view”), money (e.g., “$”, “money”,), fact-checks (e.g., “correct”, “report”, “percent”, “quote”),
and rules (e.g., “constitut”, “rule”, “regul”, “standard”, “suprem-court”). Given the context, these results
give us further confidence that the model is leveraging appropriate textual features to measure the
latent trait.

4.5. Final output
Model validation provides evidence that our learner can accurately predict the labels, andwe also took
steps to validate the labels themselves. However, we can also assess the validity of the final measure
itself.

To assess the convergent validity of the measure, we turn to the 100 paragraphs we scored on a
five-point scale but were held back from all of the previous steps (Group D). The correlation coef-
ficient between the two measurements is 0.743 suggesting that the expert ratings and the ensemble
predictions are picking up the same latent trait (see Figure D7).

To assess the face validity of the measure, Table 3 provides five examples of scored statements
along with the five-point scale expert coding and the scores generated by the ensemble prediction.
These were randomly selected to ensure that one document from each of the five-point categories
was included. In these examples, both scores go hand in hand. The statements scoring lower tend
to convey more negative tone than those scoring higher, which provides strong face validity of our
ensemble prediction score.

Finally, we check predictive validity by analyzing whether members’ speaking tone in Senate con-
firmation hearings correlates with institutional factors in theoretically expected directions. First, we
expect that members’ speaking tone should become more negative over time due to the increas-
ing level of partisan polarization (McCarty, 2019) and intensified partisan conflict in Congress (Lee,
2016). Second, members’ questions asked to appointees across party lines should be more negative
than questions asked to appointees from their own party. Third, we expect that tone will be more
negative in judicial hearings relative to nominations to the bureaucracy.28

To facilitate the substantive interpretation of the changes in members’ speaking tone, we rescaled
the ensemble prediction scores to range from 0 to 100. It has a mean of 45.08 and a standard devi-
ation of 15.58. Using this measure, we find support for most of our expectations. First, Figure 3a)
presents the average tone of the members in each congress with 95% confidence intervals. We can see
a slight downward trend, especially in the 115th congress, which is the first two years of the Trump
administration. However, the pattern is not as strong as expected.

Second, we analyze whether the same member tends to be tougher on judicial nominees than on
bureaucratic nominees. We include only the statements made by those who participated in confir-
mation hearings for both types of appointments. This totals 79,158 statements made by 161 senators.
Then, we compare the average tone ofmember statementsmade in bureaucratic nomination hearings

26Another alternative would be to focus on the training set for this validation.
27We used the “topfeatures” function in the R package.
28First, there are fewer seats for judicial nominations and they are lifetime appointments making them more consequential.

Second, the president wields greater influence over bureaucratic agencies, as they are the head of the bureaucratic branch; the
president’s influence over the judiciary, the third branch, via nominations may convey greater political implications.
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Table 3. Five random sample statements

Statement Expert coding
Ensemble
prediction

Madam soon-to-be Secretary, I would be very upset if you didn’t disagree with the
Secretary of the Interior who is leaving in some respects and on some issues. As a
matter of fact, if you choose to be as mellow about the way you feel about some of
his decisions, I might not vote for you. Who knows. I mean, you ought to honestly tell
us that many of the things he has done and that he put on the books of this country
are not exactly what George Bush for President wants, but you will comply with the
law and hopefully you canmake some changes.

1 −0.212

November of last year, she took her life. Her sister, Dana Lee, found her. And during
testimony, Dana said that she felt Jami would still be alive had there been trained
mental health professionals available near the Spirit Lake Reservation to diag-
nose the needs. But Jami didn’t receive those services. Her death was tragic and
unnecessary.

2 0.126

I appreciate that. The National Institute for Minority Health and Health Disparities
funded a program in Maryland, in Baltimore, to show disparities, and that has been
extremely helpful. And I would just encourage you to look at that institute as a real,
valuable resource to you to carry out that commitment. The Affordable Care Act also
increased dramatically the funding for Qualified Health Centers that allow access
to care in minority communities. Are you committed to maintaining the support for
Qualified Health Centers?

3 0.330

Madame Chair, if there’s one thing I know about water, it takes a special kind of
leader to reach consensus with such disparate groups and come back for more. This
is the kind of leadership we need at Interior. It’s the kind of leadership that our col-
league Senator Salazar has provided there at Interior. It’s the kind of leadership that
Anne Castle offers.

4 0.381

Thank you, Chairman Dodd. Welcome, Mr. Chairman. We all know Chairman
Bernanke’s academic accomplishments prior to joining the Board of Governors,
first as a member and then as its Chairman. He was and remains one of our Nation’s
leading scholars on the Great Depression. I believe that his expertise in this area has
served him well during our current crisis.

5 1.042
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Figure 3. Changes in members’ tone (a) By congress. (b) By appointment type.
In graph (a), members’ tone averaged by congress; in graph (b), the average tone of statements made by members who participated in
both bureaucratic and judicial confirmation hearings at any point of time included in the current analysismeasured for each appointment
type. In both graphs, 95% confidence interval is around for each estimate.

and those from judicial nomination hearings.These statistics are presented in Figure 3 with 95% con-
fidence intervals. As expected, senators tend to speak more negatively to judicial appointees (43.557)
than they would to bureaucratic nominees (45.782).
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Figure 4. Tone by party and administration.
Points are the average statement tone for Democrats and Republicans, respectively for four presidential administrations.

Third, we calculate the average tone for Democrats and Republicans, respectively, for each pres-
idential administration.29 Figure 4 shows that senators are generally more negative toward those
nominated by presidents from the opposite party. The partisan gap is visible in all four adminis-
trations. It is interesting to note that, first, the partisan gap grows over time, and second, the tones of
both parties become somewhat more negative across administrations. Both findings are consistent
with the intensified partisan conflict reported in the literature (Lee, 2016).

One potential question is whether taking these steps actually matters to the quality of the mea-
sure. In part, this question is tangential to our argument, in that our goal is not merely to build
superior measures but to communicate the quality of the measure to readers both transparently and
robustly. Nonetheless, it is informative to compare ourmeasure to alternative strategies to address this
question. Thus, in Section E, we pursue three alternative strategies—dictionary method to measure
sentiment, a pre-trained sentiment classifier, and our own method but with various shortcuts—and
show that the measurement procedure trumps the other alternatives.

5. Considerations for large language models
Before concluding, we consider how our recommendations apply to large language models (LLMs).
While the use of LLMs reduces reliance on labeled data, the “black box” nature of LLMs heightens
the need for clear disclosure and rigorous validation. Thus, our framework remains essential, though
certain aspects require adaptation.

29Independent senators were excluded from this analysis. These cases include Jim Jefferson from the 107th to 109th
Congresses and Bernie Sanders from the 110th to 115th Congresses.
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Two key scenarios illustrate this. For small corpora, LLMs can generate labels for the entire dataset,
reducing the role of supervised learning. For large corpora, full LLMprocessingmay be computation-
ally costly, making hybrid approaches more practical. In such cases, LLMs can generate high-quality
training data for traditional supervised models, necessitating careful documentation of their role in
label creation.

In both scenarios, LLM-generated labels require methodological transparency. Researchers must
document prompting strategies by reporting the exact prompts used, providing example outputs,
and systematically testing prompt effectiveness. Additional techniques, such as varying prompts to
test stability or comparing results across different LLMs or across time to account for model updates,
may be necessary. Researchers should also document the version of themodel and parameter settings
while acknowledging LLM limitations, such as biases and replication challenges.

Aswith human-generated labels, LLM labels should undergo rigorous validation processes includ-
ing face validity checks and comparison with expert coding to ensure alignment with intended
concepts. Researchers should maintain held-out validation datasets to assess label consistency and
alignment with human judgments, ensuring an out-of-sample test of the prompt andmodel. As these
methods continue to advance, establishing rigorous standards for documentation and validation will
be critical to ensuring scientific credibility.

6. Conclusion
Social scientists increasingly use supervised learning to study latent concepts in large data sets.
Validating new measurements has long been crucial, yet our review of recent articles using super-
vised learning finds inconsistent reporting and validation standards. To address this, we propose
a framework that identifies key decision points to be reported and multiple stages that require
validation—namely, the label, the prediction model, and the final measure. While not every pro-
cess must follow all steps, our guidelines establish general standards for transparency and reliability
in supervised learning-based measurement.

Our framework can be easily extended to analyze other types of data. Importantly, while our spe-
cific example involves a continuous measure, the general guidance we provide should work equally
well for categorical outcomes just with alternative predictive performance metrics suitable for a cate-
gorical outcome. In addition, our guideline can be extended to the research using non-text data, such
as images, videos, audio, etc.While the specific stepswill differ for these research domains, researchers
will face similar underlying issues such as how to choose subsets, acquire labels, pre-process inputs,
train models, and validate results.

As computational tools evolve, the core challenge remains: researchers must clearly communicate
their measurement procedures and validate results. Our proposed standards are not restrictive but
establish a shared vocabulary and baseline expectations for assessing new measures. Just as report-
ing standards exist for surveys and experimental designs, clear guidelines for supervised learning
will support scientific progress. Our framework lays this foundation, adapting to rapid technologi-
cal advancements while emphasizing transparency and validation. As new tools emerge, maintaining
these commitments will be essential.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.1017/psrm.2025.
10042. To obtain replication material for this article, https://doi.org/10.7910/DVN/AFBW80.
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