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ABSTRACT

Large language models (LLMs) have revolutionized natural language processing (NLP). Yet when
used to assess psychological constructs in text, they are generally not evaluated for the types of
validity, reliability, and standardization typically expected from traditional questionnaires with rating
scales. This study bridges that gap by demonstrating how to evaluate the psychometric properties of
text-based models, which we call Text Psychometrics.
We first review different NLP methods, compare their ability to address key challenges in psycho-
logical research such as explainability, and outline methods for evaluating them on many desirable
psychometric properties. We then demonstrate this through two empirical studies. Study 1 classifies
thousands of crisis counseling conversations and Reddit posts into different types of mental health
issues and introduces a novel method to evaluate text models for content validity —the extent to
which a test captures the full range of expressions of a construct. Study 2 examines prospective
criterion validity by estimating how 49 known suicide risk factors predict imminent risk in crisis
counseling conversations.
In sum, NLP studies in psychology often rely on only a few validation metrics; here, we demonstrate
the need for broader psychometric evaluation and provide a practical blueprint and future directions
for achieving it.

Keywords natural language processing · large language models · psychometrics · artificial intelligence · validity ·
reliability

1 Introduction

Text data is ubiquitous: it is present in social media, direct messages, clinical interview transcripts, survey responses,1

electronic health records, and scientific documents. There are thousands of distinct well-studied constructs psychologists2

and social scientists might wish to quantify in text including emotions, moods, symptoms, attitudes, states, traits, and3

abilities, often through different dimensions such as valence, arousal, and severity. The goals of these assessments4

could be to screen for a health outcome, summarize a person’s experience, trigger an intervention, or use measurements5

as variables in subsequent models to further understand a psychological theory (Demszky et al., 2023; Kjell, Kjell, &6

Schwartz, 2023). This can be used to make individual-level predictions, such as a suicide risk screening (Zuromski et al.,7

2024), or to do large-scale public-health monitoring such as understanding how a pandemic might be affecting different8

psychiatric populations over time (Low et al., 2020). The traditional approach Psychometrics has taken to measure9

psychological constructs has been through the use of rating scales (Figure 1). Rating scales ask a rater to convert a10

subjective observation into a specific value, usually on an ordinal scale. Compared to rating scales, systematically11

measuring constructs from natural language itself can seem more complex or inexact. However, language has been12
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shown to describe nuances and extremes with more detail and more ecologically than rating scales (Kjell et al., 2023).13

Natural language processing (NLP) offers many tools to quantify these constructs, and the recent growth in abilities of14

large language models (LLMs) –a subset of NLP models based on deep neural networks that have billions of parameters–15

shows promise for identifying constructs more reliably (Demszky et al., 2023; Kjell et al., 2023). Historically, the16

different types of validity, reliability, and standardization typically expected from questionnaires using rating scales17

(Rust, Kosinski, & Stillwell, 2020) are not normally carried out when evaluating NLP models for psychological18

measurement. Researchers would never publish scales without assessing these psychometric properties, but they do19

so for NLP and other behavioral or biological markers, which are also susceptible to poor psychometrics, a double20

standard that has been called the “psychometric bias" (Shankman, Kaiser, & Shenberger, 2020).21

"I've been feeling all alone. I go to therapy, but it's 
useless. No one cares about me. I want out."

Prediction of 
human-coded variables 
(i.e., criterion validity)

Psychometric bias

Criterion validity
Content validity
Convergent validity
Divergent validity
Face validity
Item-response theory

Dimensionality
Test-retest reliability
Inter-rater reliability
Internal consistency
Standardization
Network analysis

Rating scales Text

How often have you been 
bothered by the following 
over the past 2 weeks?

Natural Language ProcessingPsychometrics

Data type

Typical 
validation

Little interest or pleasure in 
doing things?

Not at 
all

Several 
days

More 
than half 
the days

Nearly 
every 
day

0 1 2 3

0 1 2 3Feeling down, depressed, 
or hopeless?

Example

Text psychometrics

Figure 1: Psychometrics (left) focuses on using responses to rating scales to assess psychological constructs such
as these from the PHQ-2. Natural language processing (NLP; right) can be used to create text classification models
that output whether a text document expressed a given psychological construct. These outputs can be used as is or
as independent variables in subsequent machine learning or statistical models (e.g., for risk assessments). While
researchers tend to validate rating scale assessments on many psychometric properties using rich modeling choices,
NLP studies in psychology mainly report the prediction of human-coded variables. This validation gap implies NLP
suffers from a “psychometric bias," which text psychometrics could bridge. Definitions and examples of types of
validity, reliability, and models are provided in section 4.

NLP studies and machine learning more broadly have largely focused model validation on a specific type of validation22

in psychology: prediction of human-coded labels (Cohen et al., 2022; Grimmer & Stewart, 2013; Riezler & Hagmann,23

2022). 1 For instance, humans may code sentences from Reddit for different emotions, and then a machine learning24

model can learn to predict human-coded emotions from patterns in language using a variety of methods (Demszky25

et al., 2020). Predicting human-coded labels in NLP models is also the main type of validation for NLP benchmark26

leaderboards. The latter allow users to compare and rank models evaluated on many datasets and tasks. For instance, the27

Massive Text Embedding Benchmark covers 8 tasks (e.g., text classification, summarization, semantic similarity), 5828

datasets, and 112 languages (Muennighoff, Tazi, Magne, & Reimers, 2022). Given that the goal of many applications is29

1Prediction from a machine learning perspective is defined as predicting the value of the dependent variable for new samples the
model did not use for any aspect of model fitting (i.e., out-of-sample prediction using cross-validation or other resampling methods)
(Raschka, 2018); whereas association is a broader term that can refer to (a) out-of-sample prediction, (b) estimation of the value of the
dependent variable of samples the model used during model fitting (i.e., within-sample association), or (c) estimation of group-level
coefficients (e.g., correlations, within-sample regression). The latter two forms of association are often referred to as “prediction”
in psychology, but these within-sample associations do not imply out-of-sample prediction capabilities (i.e., generalizability; see
Appendix A) without validation. Many of the psychometric properties we will introduce in section 4 can be validated through
association or prediction.
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to try to automate human tasks, proving a model that generalizes and can predict new samples of human judgments it30

has not encountered is a good priority, but as we demonstrate here, should not be the only priority. A single metric is31

likely not capable of capturing many aspects of validity.32

Our study aims to provide a framework for evaluating psychometric properties of NLP models and is structured as33

follows:34

• In section 2, we argue why consolidating Text Psychometrics as a field is important and we review the35

non-obvious shared history between psychometrics and NLP.36

• In section 3, we review different NLP methods and how they can be used to assign a score to a text document37

(i.e., text classification) for psychological assessments. We also propose key constraints psychology researchers38

face when using NLP models (e.g., small datasets, the need for explainable and private models) and how to39

overcome them with different NLP model characteristics. We also introduce an improved method of text40

classification with embeddings we call “Construct-Text Similarity.”41

• In section 4, we provide an overview of how psychometrics has evaluated the validity and reliability of42

psychological assessments and how these properties can be evaluated in text data.43

• In section 5, study 1, we provide a use case and test these methods in detecting a diverse set of mental health44

issues including suicidal ideation, eating disorders, and physical abuse to compare methods (open-source and45

proprietary LLMs, lexicons, and embeddings methods) and observe their performance across constructs. We46

provide a novel way of quantitatively evaluating content validity in text, that is, whether a tool assesses most47

behaviors or expressions associated with the construct being measured.48

• In section 6, study 2, we focus on a methodologically more challenging text classification task, that of49

predicting who out a set of suicidal individuals is at high imminent risk, which is a scenario with several50

common constraints in clinical NLP: an imbalanced dataset; and the need for models that are trustworthy and51

explainable. We predict this using initial parts of the conversation to evaluate prospective criterion validity. We52

also demonstrate how to inform theory by estimating how predictive each variable is of the dependent variable53

(i.e., feature importance).54

• In section 7, the Discussion, we systematically compare NLP methods for text classification on a subset55

of these desirable properties so researchers can decide which NLP method to use, given each method may56

respond better to the different constraints researchers may have. And we discuss open areas of research for57

Text Psychometrics.58

2 Text Psychometrics59

2.1 Why text psychometrics?60

We consider that Text Psychometrics is a concise term for the subfield of psychometrics that studies how to assess61

psychological constructs in text or natural language, especially when focusing on validity, reliability and standardization62

properties. Focusing on this subfield could help concentrate discussion on broadening the validation of NLP models63

for psychological assessment and showing limitations of the most common approaches. A related field uses NLP64

to improve the development and validation of rating-scale assessments, such as generating questionnaire items (e.g.,65

Laverghetta Jr and Licato (2023)), which could also fall under Text Psychometrics, and under the more established66

’computational psychometrics’ (von Davier, Mislevy, & Hao, 2022), which is much more broad in scope. A second67

related area of research is assessing the artificial psychological profiles of artificial intelligence (AI) models (Shu et al.,68

2023a), which has been referred to as AI Psychometrics (Pellert, Lechner, Wagner, Rammstedt, & Strohmaier, 2023).69

We can distinguish this from Text Psychometrics in that the latter measures psychological properties in humans from70

their natural language or uses NLP to improve rating-scale assessments in humans. AI psychometrics would not be71

a fitting label for these applications given many NLP methods (e.g., lexicons, TF-IDF, sentence embeddings) should72

probably not be considered intelligent, at least orders of magnitude less so than current LLMs. Text Psychometrics is73

simply performing psychometrics from text and natural language instead of rating scales.74

With this subfield as a bridge, we hope to consolidate efforts to taxonomize and standardize the evaluation of desirable75

properties of these NLP-based models in a broader sense than what has been done thus far.76

There is a growing number of studies trying to improve the psychometric validation of text-based NLP models for77

psychological assessments (Ahmad et al., 2020; Fang, Nguyen, & Oberski, 2022; Kjell et al., 2023; Riezler & Hagmann,78

2022; Van der Wal et al., 2022). Each study has focused on specific types of models and properties. Cohen et al.79

(2022) demonstrated that an NLP model detecting paranoia from text data had good test-retest reliability (see section 480
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for definitions), it correlated positively with clinical ratings of paranoia and correlated negatively with measures of81

anxiety and depression. Fang et al. (2022) evaluated different types of validity (face, convergent, divergent, content,82

predictive) of several text embedding models using synthetic natural language data. Van der Wal et al. (2022) describe83

how to assess validity and reliability of NLP model bias such as gender bias. Hoyle et al. (2021) have demonstrated84

that automated evaluation of topic models using coherence metrics fail to capture human judgments. Kennedy, Bacon,85

Sahn, and von Vacano (2020) had annotators rate the degree of hate speech in text documents using an ordinal scale86

and then used item response theory and deep learning to build a model that outputs a debiased continuous measure87

of hate speech from text. We contribute to prior work by (1) describing how NLP and psychometrics have a shared88

history (section 2.2), (2) describing traditional and more recent NLP methods and proposing desirable NLP model89

characteristics (section 3.2), (3) proposing additional desirable psychometrics properties and methods for evaluating90

these properties in NLP models (section 4), (4) evaluating these properties across two studies (sections 5 and 6), and (5)91

discussing open areas of research and future directions (section 7).92

2.2 Bridging natural language processing and psychometrics, two fields with a shared history93

It is important to note that human language has been at the center of psychometrics’ history. For a brief overview of94

psychometrics and related methods including item-response theory, network analysis, and causal inference, see Appendix95

B. In Figure 2 we highlight key developments in psychometrics, NLP, and AI throughout history. Psychometrics has96

discovered key attributes humans have (e.g., states, traits, attitudes) often by collecting large lists of words associated97

with psychological traits. Since early in psychometric history, it was clear that just because we have different words for98

traits does not mean these words refer to different attributes; therefore, there was a need to discover the underlying99

independent and general traits from all possible trait names (Allport & Odbert, 1936). Thurstone’s (1934) “The Vectors100

of Mind" (Thurstone, 1934) suggested we can discover the key, non-redundant psychological traits by having individuals101

rate if they would describe someone with adjectives such as “friendly" or “cheerful." Using factor analysis, he grouped102

words with similar ratings and was surprised to discover there were only five factors underlying personality. Factor103

analysis would return how much each word is associated with each factor (i.e., factor loadings). He proposed plotting104

each adjective as a vector of points in space in five dimensions whereby similar traits would point in the same direction;105

if they are anticorrelated they would be pointing in opposite directions; and if they are independent, then they would106

be orthogonal (p. 15). One could measure this using cosine angles from the center of the space. Allport, Odbert, and107

Cattell between the 1930s and 1950s took this approach and gathered such ratings on thousands of words, an approach108

that ultimately led to the Big five factors of personality (Goldberg, 1981), which includes openness to experience,109

conscientiousness, extraversion, agreeableness, and neuroticism.110

Lexicons (i.e., lists of words and phrases associate with constructs) have also been used to measure psychological111

constructs in text. The General Inquirer gathered thousands of words related to different constructs, but used the first112

commercial computers from the 1960s to automatically count the appearance of different words in corpora (Stone,113

Dunphy, Smith, & Ogilvie, 1962) which later inspired the widely used Linguistic Inquiry and Word Count (LIWC)114

(Boyd, Ashokkumar, Seraj, & Pennebaker, 2022) and many other lexicons (Low et al., 2024).115

Not only was language key in developing psychometrics, psychometrics has also influenced NLP, although this is116

relatively unknown. About three decades after Thurstone’s (1934) address, vector space models by Salton and others117

in the 1960s and 70s took this factor analysis approach (Dubin, 2004), (without acknowledging Thurstone as far as118

we can tell) but vectorized words by counting how many times a word co-occurs with other words (dimensions of the119

vector) within small windows of text across different corpora (Dubin, 2004; Salton, Wong, & Yang, 1975). This was120

used to find documents that were similar to a query in information retrieval systems (e.g., finding articles about a topic121

in libraries).122

This approach, along with advances in deep learning and hardware capabilities, contributed to the explosion of123

vector semantics that came with the creation of the word2vec word embedding algorithm in 2013, which was able124

to better quantify aspects of the meaning of words in vectors (i.e., ordered lists of numbers that represent positions125

in a multidimensional space). Improving upon word embeddings led to current state-of-the-art transformer-based126

embeddings, which can encode aspects of sentence and document meaning. These embeddings from transformer models127

have a wide variety of uses including information retrieval, paraphrase detection, categorizing text, summarization,128

and keyword extraction (Muennighoff et al., 2022). The origins of vector semantics is often credited to hypotheses in129

linguistics from the 1950s from Harris (“If A and B have almost identical environments we say that they are synonyms"130

Harris (2013)) and Firth (“You shall know a word by the company it keeps" Firth (1957)): vector semantics captured a131

word’s meaning by counting which words it co-occurs with. However, we find factor analysis as previously described132

also had a large influence as well. We can add the following quote by Thurstone (1934) to the history of vector133

semantics: “each trait can be represented as a point on the surface of a ball. If two traits A and B tend to coexist, the134

two points will be close together on the surface of the ball." (Thurstone (1934) p. 14).135
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Graph Theory (1735) Euler
Regression (1805-9) Legendre / Gauss 
Pearson correlation (1880s) Galton
Lexical hypothesis (1883) Galton
PCA (1901) Pearson
Factor analysis (1904) Spearman
SEM (1920) Wright
SAT (1926)
The Vectors of Mind (1934) Thurstone 
18k words describing personality (1936) Allport & 
Odbert 
16 Personality Factors (1943-1956) Cattell
IRT (1950s) Lord / Novick / Rasch / Lazarsfeld 
Internal consistency (1940s-50s) Cronbach et al. 
Construct validity (1955) Cronbach & Meehl 
Big Five Personality (1960s) Types & Cristal
ICC (1979) Shrout & Fleiss
Flynn effect (1984) 
G-Theory (1972) Cronbach et al.
Five Factor Theory (1997) McCrae & Costa
Criticism of construct validity (2004) Borsboom et al. 
Networks (2008-current) Borsboom, Cramer et al.
Complex systems (1990s-current) 

Analytical Engine (1843) Babbage & Lovelace
Logic in circuits (1937) Shannon 
Universal computing machine (1937) Turing 
McCulloch & Pitts neuron (1943)
von Neumann architecture (1945)
1st commercial computers (1950s)
Turing Test (1950) Turing
Perceptron (1957) Rosenblatt
General Inquirer (1960) Stone et al.
ELIZA  (1964) Weizenbaum
1st ACL conference (1968)
TD-IDF (1972) Jones
Vector Space Model (1960s) Salton et al. 
Backpropagation (1970) Linnainmaa
First AI winter (1974-1980)
Backpropagation popularization (1986) Rumelhart, 
Hinton, Williams
Second AI winter (1987-2000)
Latent Semantic Analysis (1990)
LIWC (1996)
LSTM (1997)
LDA (2003) Blei et al.
ImageNet challenge using GPUs (2012) Krizhevsky, 
Sutskever, Hinton
word2vec (2013) Google
Transformers (2017) Google
BERT (2018) Google
GPT-1 (2018) OpenAI
InstructGPT with RLHF (2021) OpenAI

Psychometrics Natural Language Processing 
& artificial intelligence

Figure 2: Psychometrics and natural language processing have a shared history. Several, non-exhaustive examples of
key developments that influenced each other across fields are displayed in orange.

3 Using natural language processing for psychological assessments136

3.1 Brief overview of text classification methods for psychological assessments137

Here we provide different ways NLP tackles the task of assigning a score to a text document for a given construct (e.g.,138

does the text mention loneliness?), which is called “text classification" in NLP. This is analogous to assessments with139

rating scales, which generally assign a number to a construct for a given individual 2. We focus on describing prior140

work achieving text classification through multiple methods displayed in Figure 3 3.141

Lexicons or dictionaries. Using lexicons is a traditional way of performing text classification (Stone et al., 1962).142

Lexicons contain one or many constructs, each with an associated list of tokens (words and phrases) – which can be143

validated by domain experts – that are counted in a given document (Low et al., 2024). Higher counts indicate the144

construct is more likely to be present. Then these counts can be used as features in a statistical or predictive model,145

which would be highly interpretable and would avoid missing obvious, prototypical tokens (e.g., “anorexia" for eating146

concerns) that might be missed by a high-performing deep learning model (Low et al., 2024). Our construct-tracker147

packages allows for using generative AI to automatically create the initial lexicon, which can then be validated by148

human experts (Low et al., 2024).149

Term Frequency–Inverse Document Frequency (TF-IDF) is a common technique for identifying words and phrases150

in documents that characterize a dependent variable based on how frequently they appear in a given text relative to151

a larger corpus (Jones, 1972). These scores can be used as features in predictive models (e.g., see Low et al. (2020)152

for words that characterize different mental health support groups on Reddit). Unlike lexicons, TF-IDF requires153

no expert input, making it data-driven, scalable, and domain-agnostic. However, as with lexicons, TF-IDF treats154

words independently and lacks semantic understanding. Furthermore, this data-driven approach that finds words that155

characterize a variable is likely to be dependent on the specific dataset used and might not generalize to other datasets.156

2For a more formal description of text classification, see Appendix D.
3For more in depth introductions to machine learning, deep learning, and LLMs, see (Pargent, Schoedel, & Stachl, 2023; Prince,

2023; Raschka, 2024).

5



Low et al. (2024). Text Psychometrics.

Other methods presented here (including lexicons and LLMs) have the advantage of detecting a broad coverage of157

words that are prototypical of a construct –if designed to do so– and not just associated in some way in a specific dataset158

(Low et al., 2024).159

The remaining methods are generally carried out using deep learning methods. Rarely is training done from scratch on160

the target task (e.g., loneliness detection), given they generally require large datasets coded for the target task; rather,161

pretrained models like BERT (Devlin, Chang, Lee, & Toutanova, 2018) are trained on a very large corpus (the entire162

English Wikipedia and other sources) in a self-supervised manner (e.g., predicting masked words within the input) to163

generate rich, internal representations that quantify aspects of meaning of words and phrases. Then this model can164

be fine-tuned (i.e., adapted) for a specific task (e.g., detecting loneliness in text) on a smaller, annotated dataset (e.g.,165

documents coded for loneliness or other constructs) by attaching a feedforward neural network (Sun, Qiu, Xu, & Huang,166

2019). Pretraining can also be done in a supervised manner by training to predict labels in large, publicly-available167

datasets (e.g., for named-entity recognition). Then these pretrained models can be fine-tuned for the target task, which168

should improve performance in comparison to using the target dataset to train the model from scratch.169

Named-entity recognition classifies each token as a possible entity belonging to a category or ontology (Ashok &170

Lipton, 2023). The presence or sum of entity types in a document would return similar results as text classification. The171

general approach is to train a model to output a probability for each entity type.172

Natural language inference and textual entailment. This method can be used for text classification as well (Gretz et173

al., 2023; Schopf, Braun, & Matthes, 2022; Yin, Hay, & Roth, 2019). Entailment is inferring whether two sentences174

are a contradiction or an entailment (e.g., “Met my first girlfriend that way." is a contradiction of “I didn’t meet my175

first girlfriend until later."; “At 8:34, the Boston Center controller received a third transmission from American 11" is176

an entailment of “The Boston Center controller got a third transmission from American 11."; Williams, Nangia, and177

Bowman (2018)). In a classification setup, the document to be classified can be treated as the premise for which one178

can build a positive hypothesis using the template “this text is about <construct>" as well as a negative hypothesis using179

other labels; (Yin et al., 2019). Gretz et al (2023) Gretz et al. (2023) fine-tune natural language inference models which180

output entailment and contradiction scores that serve for text classification.181

Fine-tuning deep learning models. Whereas traditional methods involve some preprocessing (e.g., lemmatization,182

data cleaning, and feature extraction), pretrained deep learning models like BERT allows for end-to-end prediction,183

taking raw data, skipping most preprocessing, and outputting a prediction (Devlin et al., 2018). However, this generally184

requires a substantial amount of labeled training data, at least in the thousands of samples (although new advances such185

as LoRA are improving this (Hu et al., 2021)).186

Construct-text similarity. Since lexicons can miss important tokens that they do not have (e.g., a lexicon may have187

suicide attempt but miss “attempted suicide" if not in the lexicon), there is a method to find semantically similar tokens188

to the ones in lexicon using deep learning using relatively interpretable method called similarity-based zero-shot text189

classification (Schopf et al., 2022) or sentecon (Lin & Morency, 2023). We introduce a more generalized version that190

has more parameters to chose from for each step, which we call construct-text similarity (which we expect will be191

a more transparent term for psychologists), as shown in Appendix Figure 8. This method works as follows: it first192

computes the similarity between a target construct representation (e.g., text embedding for the phrase "eating disorders"193

or for many tokens related to eating disorders or the average of all of these) and each token in a given document (e.g.,194

text embeddings for phrases). It then takes a summary statistic as the final output (e.g., maximum between all construct195

and document embeddings). This approach produces a zero-shot output, meaning the method requires no training data.196

The construct can be the average of the text embeddings for a lexicon’s category, which means that it can capture much197

of what the lexicon captures and also similar words while a lexicon can only capture exact matches. The process of198

being able to capture similar words has been demonstrated to outperform lexicons (Lin & Morency, 2023). It is a middle199

ground between interpretable lexicons which will miss similar words if not in the lexicon and standard supervised deep200

learning which is a black box and hard to explain. It can also combine counts (0 or N with semantic similarity if there201

is not an exact match). However, it does not learn the contextual cues or reasoning abilities found in the previously202

described deep learning models. The resulting score can be used as the output for zero-shot text classification. It was203

found to outperform the textual entailment approach in a zero-shot setting (Schopf et al., 2022), but not when textual204

entailment models were fine-tuned (Gretz et al., 2023). It is also more lightweight than deep learning methods because it205

can run more easily on standard CPUs, unlike deep learning, which often requires specialized GPUs. This is especially206

beneficial for psychology researchers who may not have the expertise to work with GPUs.4207

Large language models that generate text can be used for text classification (i.e., generating a score) by designing208

prompts to score whether certain constructs are present in a given document (Gretz et al., 2023; Rathje et al., 2024)209

4For a tutorial on construct-text similarity, see https://github.com/danielmlow/construct-tracker/blob/main/
tutorials/suicide_risk_lexicon_construct_text_similarity.ipynb
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alone: 1
lonely: 0
miss my parents: 0
…

Total: 2
I've been feeling all alone. I go to therapy, but it's 
useless. No one cares about me. I want out. 

Lexicons Named-entity recognition

Generative AI large language models

medication: 0
counseling: 0
therapy: 1
…

Total: 1

Treatment

Counts exact matches in a prebuilt lexicon Can assign predictions for each token given the 
training data. It can find similar tokens to those in the 
training set beyond exact matches, but might miss 
longer phrases if not in the training set.

{"loneliness": [0.84, ["feeling all alone", "No one cares about me"]], 
 "treatment": [0.91, ["I go to therapy"]], …}

Loneliness

Classify whether the following constructs are present in the text (score from 0 to 1):

Loneliness: aversive state experienced when a discrepancy exists between the interpersonal relationships 
one wishes to have and those that one perceives they currently have. Examples: lonely, no one to talk to.
Anxiety: <your definition>. Examples: <examples>.
Treatment: <your definition>. Examples: <examples>.
Guilt: <your definition>. Examples: <examples>.

TEXT:
I've been feeling all alone. I go to therapy, but it's useless. No one cares about me. I want out. 

Also provide an explanation for each chosen construct (words or phrases that belong to that construct). 
Structure your response in the following JSON format: 
{"construct A": [score, [words, phrases]], "construct B": [score, [words, phrases]], …}

87% 92%

Premise: 
I've been feeling all alone. I go to therapy, but (...)
Hypothesis A: This text is about loneliness:

Entailment score: 0.94
Contradiction score: 0.06

Hypothesis B: This text is about anxiety:
Entailment score: 0.39
Contradiction score: 0.61

…

Natural language inference

TreatmentLoneliness Anxiety Guilt

Fine-tuning classic deep learning models
Pretrained model is further trained to classify a target label/s

I've been feeling 
all alone. I go to 
therapy, but it's 
useless. No one 

cares about me. I 
want out. 

Pretrained 
deep neural 

network 
(e.g., BERT)

Input Classification 
head

.

.

.

Output

0.85 Loneliness

0.15 Other

.

.

.

.

.

.

0.85 Loneliness

0.05 Anxiety

Binary

Multiclass

0.02 Guilt

.

.

.

.

.

.

0.85 Loneliness

0.60 Anxiety

0.10 Guilt

Multilabel

Can potentially mimic any of these tasks and provide self-explanations. Here we provide a possible prompt for multilabel classification. 

"I've been feeling all alone. I go to therapy, but it's 
useless. No one cares about me. I want out."

Prompt

Output:

cosine similarity
[−1,1]

⚫

⚫

lonely

alone

no one talks to me

Text

I've been feeling all alone

Construct
Loneliness

Construct-text similarity
Compute semantic similarity between construct token or lexicon and text segments 

0.64 
0.26 
0.15
0.71 
0.21

0.69 
0.31 
0.22
0.26
0.36 

0.77
0.18
0.17
0.16
0.38

no one ta
lks t

o m
e

alone
lonely

I've been feeling all alone 
I go to therapy
it's useless
no one cares about me
I want out

Is this document 
about loneliness?

Output score: 0.77

⚫

no one cares about me

I go to therapy

⚫

⚫

⚫

Determine logical relationship between sentences

⚫

Figure 3: Natural language processing tasks and methods that can be used for text classification. Lexicon counts can be
used as is or as variables in a machine learning model to further predict a target label. The rest of the methods tend to
use deep neural networks. Text classification varies between binary classification (one out of two possible answers
is correct), multi-class (one out of several answers is correct), and multi-label (more than one answer can be correct).
Finetuning a model on a specific dataset (e.g., psychotherapy transcripts) that has previously been trained for the type of
classification on more general data (non-mental health data) can help performance. Construct-text similarity turns words
and phrases into embeddings, which are vectors in a semantic space where more similar phrases in meaning should
be closer together. Here we take the maximum similarity between construct tokens from a lexicon and phrases from
the target document as the final zero-shot classification score. Conceptually, this is similar to asking where does the
document mention something most related to loneliness? Large language models (LLMs) tend to show state-of-the-art
performance but may not be preferred due to difficulty of use or privacy limitations. Submitting many texts to LLMs
can be automated through the use of LLM application programming interfaces (APIs).
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–which can be considered LLM-assisted qualitative coding (Hämäläinen, Oksanen, Tavast, & Bhatnagar, 2024; Hämäläi-210

nen, Tavast, & Kunnari, 2023). However, the best-performing models (e.g., GPT-4.1, Gemini 2.5, Claude Opus 4)211

tend to be proprietary (Chiang et al., 2024) and therefore require users to submit the prompt to a company’s server212

through a browser or API (Rathje et al., 2024), which may be infeasible if the data is highly sensitive. Another reason213

for submitting data to APIs are because generally for a fee, users can run inference or training quickly on cloud-based214

GPUs (e.g., OpenRouterAI, Replicate, Huggingface API, Microsoft Azure, Amazon Bedrock). Alternatively, users can215

download open-source LLMs (e.g., Gemma, Llama, Qwen, Mistral series). These tend to be smaller (e.g., 2B-70B216

parameters) and underperform their larger proprietary counterparts (with the exception of DeepSeek R1 which has 671B217

parameters Guo et al. (2025) and Llama-4 Maverick with 400B parameters (Meta AI, 2024)) and require considerable218

computational resources such as GPUs. Models can be quantized by reducing the precision of the weights for faster219

inference and fine-tuning while achieving similar performance (Dettmers, Pagnoni, Holtzman, & Zettlemoyer, 2024)220

which can lead lighter models to run on a personal computer’s GPU or CPU (e.g., using packages such as transformers,221

Ollama, GPT4All, llama cpp), which is likely to become very prevalent as models become smaller and more efficient222

and hardware capabilities improve. Leaderboards include Huggingface Open LLM leaderboard5 and the Chatbot Arena223
6 (Chiang et al., 2024).224

3.2 Desirable natural language processing model characteristics that can address key constraints in225

psychological research226

Now that we have introduced several NLP methods, we highlight desirable NLP model characteristics as shown in227

Table 1. These tackle pragmatic constraints that psychology researchers often face. One is the limited availability of big228

training datasets, especially in clinical settings. This poses a challenge for fine-tuning standard supervised learning229

models such as BERT that require large datasets. A second challenge is the need for interpretable models to understand230

how a model is making predictions to increase trust that it is not biased (Kaur, Uslu, Rittichier, & Durresi, 2022).231

Explainability methods also allow researchers to rank which variables are most predictive of a target variable, which232

can be used to advance scientific understanding of the variables or discover novel risk factors (Molnar, 2020). A third233

challenge is the need to keep sensitive data private, which currently limits the use of submitting data to cloud services to234

use existing proprietary generative AI models, although cloud-based data security may improve in the near future.235

Table 1: NLP and AI-specific desirable properties of psychological assessments that are specific to NLP and AI models,
not traditional rating scales.

Desirable
NLP model
characteristic

Description

Zero-shot Traditional supervised learning requires hundreds-to-thousands of examples of text-label pairs to
train (e.g., documents coded for loneliness). Self-supervised learning enables training on even
larger amounts of data because it does not need to be coded and often leads to general domain
models (e.g., GPT-4) that can solve different types of downstream tasks (e.g., detect loneliness
in text) zero-shot, that is without any further training or fine-tuning on the target dataset. This
is extremely useful to avoid the resources involved in training especially when little annotated
training data is available. This is expected in the social sciences: since there are thousands of
constructs that could be measured, having annotated datasets for each construct is infeasible.
NLP example: NLP has distinguished this type of text classification problem where categories
are not pre-defined as topical text classification versus the more standard categories such as
sentiment, genre, or spam, for which it is easier to find labeled datasets for fine-tuning; zero-shot
methods are particularly useful to classify new categories (Gretz et al., 2023; Lang, 1995).

Explainable One useful definition of explainability refers to the ease with which humans can simulate how a
trained model takes an input and produces an output (i.e., simulatibility (Lipton, 2018)). This is
straightforward in small decision trees and linear models and less feasible in tree ensembles and
neural networks.
NLP example: Counts from lexicons tokens trained on a linear model are interpretable; asking
GPT-4o for an explanation of its predictions can seem plausible but might not be truthful with
regard to the underlying prediction mechanism, which remains a black-box (Agarwal, Tanneru,
& Lakkaraju, 2024).

5https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard#/
6https://lmarena.ai/
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Reasonable
errors

An error analysis can be performed by annotating a random subset of a model’s false positives
and false negatives (or of the largest errors in a regression task) to determine whether mistakes
are reasonable or not.
NLP example: A model detecting social media users who are actively suicidal (i.e., where the
user posts about a desire and/or intent to die by suicide) may incorrectly classify text about
someone else’s suicide or prior suicidal ideation as a high-risk case, a more reasonable error than
detecting non-mental health language as suicidal (Zuromski et al., 2024).

Semantically
similar
matching

Traditional keyword search methods using lexicons depend on an exact match and can miss
related tokens.
NLP example: A lexicon would not match the word "unworthy" even if it contains the word
"worthless". Deep learning methods and Construct-Text Similarity are more likely to associate
them.

Sensitive to
context

It is important that even though a model detects a certain token (e.g., "depressed") as related to
the dependent variable (depression), it should modify its prediction based on the token’s context
which could include negation, hedges, degree modifiers, modality markers (e.g, "not", "might
be", "a bit", "very", "I must be.").
NLP example: Rule-based methods such as counting tokens from a lexicon generally do not
capture context as is better achieved with deep learning.

Ease of use &
low computa-
tional
resources

Deep learning models generally require using GPUs for efficient training and for inference
(when they are large) and knowledge of running models, which is infeasible for most psychology
researchers. However, the use of LLMs via graphical user interfaces (e.g., ChatGPT) and
cloud-based APIs (e.g., OpenRouterAI) can reduce these barriers.
NLP example: Using lexicons in statistical models can be run on a single CPU while fine-
tuning or running inference for encoder BERT-style models and decoder generative AI models
requires substantial technical and GPU capabilities (although light-weight models are becoming
increasingly available; Dettmers et al. (2024)).

Data privacy LLMs can be used through cloud APIs when they cannot be downloaded because they are either
proprietary or when a user prefers to avoid setting up their own GPUs and pipelines. Sending
sensitive data to APIs may not be secure.
NLP example: Sharing names, professions, addresses, numbers, birthdates, medical history,
and payment information. Open-source models can be downloaded to use in a local, secure way
(demonstrated in the current study).

Robust to
dataset shift

The ability of a model trained on a given dataset to generalize to data that differs from the original
dataset in time, demographic distributions, language, feature extraction methods, etc. (Wiles et
al., 2021)
NLP example: Train model on data from 2021 and prove it performs well on data from 2024.

Given these constraints and NLP-model characteristics, researchers can choose different types of approaches to perform236

text classification, which we guide how to do in section 7.1. Once an NLP model is trained using machine learning,237

different psychometric properties can be evaluated. There is not a one-size-fits-all method, and choosing a method will238

depend on these constraints and on evaluating multiple psychometric properties.239

4 Desirable psychometric properties of psychological assessments and how to evaluate these240

properties in text241

There are many desirable psychometric properties that we may want a psychological assessment tool to fulfill. Here we242

provide a concise outline of these properties with examples of how to evaluate them with text-based models. This list of243

properties is helpful for several reasons: first, to adapt the definitions of classical and modern psychometric concepts to244

fit the needs of current NLP and AI goals. And second, to inspire new types of analyses that might be less frequent245

among NLP researchers so they can validate their models more broadly and help link their intuitive analyses to concepts246

that already have a vast literature in psychometrics.247

Criterion validity. An instrument score is valid if it is associated with a criterion assumed or demonstrated to be valid248

Rust et al. (2020). The criterion is often a human or expert judgment but can also be a certain behavior or biological249

variable. Psychometrics has generally focused on within-sample associations, while NLP and machine learning focus250

on out-of-sample prediction. There are three types of criterion validity, depending on when the criterion and the251

instrument were assessed:252
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(a) Concurrent validity: The instrument’s score is associated with a more standard or previously validated253

questionnaire total score or questionnaire item that at face value is valid, assessed at the same time point, either through254

correlations or out-of-sample prediction. NLP example: Correctly classifying crisis counseling conversations as being255

about physical abuse given the counselor’s annotation (i.e., the criterion; demonstrated in section 5).256

(b) Prospective validity: Rating scales should be associated with future scores or future behaviors within the same per-257

son, which may require repeated measures. This will also depend on whether the construct is an episodically-changing258

trait or a persistent trait. Higher scores on a suicide risk assessment questionnaire should have a positive correlation259

with future suicide attempts. This is related to the study of dataset shift in machine learning (see Table 1). This has been260

traditionally referred to as “predictive validity" (Rust et al., 2020); however, given correlation is not prediction (see261

Prediction entry below), we use “prospective validity" instead. NLP examples: (1) Demonstrate baseline language262

patterns are associated with future PTSD symptoms (Son et al., 2023). (2) Predict whether a conversation will be263

annotated as an imminent risk by the counselor (better assessed towards the end of the session) from the initial 25% of264

the conversation (demonstrated in section 6).265

(c) Retrospective validity: Whether an instrument reflects past conditions or behaviors. For example, the score of a266

suicide risk assessment should correlate with lifetime suicidal thoughts and behaviors. NLP example: Train a model267

to detect language about depression and correctly identify which individuals had been diagnosed with a depressive268

disorder in the past, independent of current diagnosis.269

270

Ecological validity. The assessment resembles real-world conditions vs. tightly controlled laboratory conditions.271

NLP example: Have participants journal by randomly prompting them during the day (i.e., ecological momentary272

assessment); social media data (Low et al., 2020).273

Face validity. Whether a test appears to be valid for members of the target population based on a subjective judgment.274

For instance, individuals may not support the claim that the way they draw a person –a common projective assessment–275

clearly reflects their personality or mental health. If a math exam is clearly too hard for test-takers, then it will have276

low face validity. A scale assessing honesty may purposely try to have low face validity to avoid a social desirability277

bias. NLP example: The individuals being assessed could compare the construct being assessed (e.g., anxiety) with the278

question they were asked (e.g., “Describe what has been worrying you the most today", which would have high face279

validity versus “Describe this picture of a forest" which may have low face validity). If the model is explainable (see280

Table 1), they could assess the appropriateness of the explanation. For instance, if a model uses words from text like281

“bulimia" and “eating" to indicate eating and body image concerns but ignores “anorexia", it may indicate low face282

validity (Low et al., 2024)).283

Construct validity. Some constructs such as pain, mood, attitudes, disability, and quality of life are not directly284

measurable and therefore do not have a clear gold-standard method of measurement (Davidson, 2014). Construct285

validation is thought to provide support that the measurement is measuring a given construct. A measurement score for286

a construct should not be highly associated with scores for unrelated constructs (discriminant validity) and associated287

scores for similar constructs (convergent validity). It can be demonstrated though a pairwise correlation matrix of related288

and unrelated scores or through prediction. Discriminant validity has a variety of methods (Rönkkö & Cho, 2022). If289

one of the two variables being associated is considered true (e.g., a gold standard), then the association would be a290

demonstration of criterion validity; when neither is, it is a demonstration of construct validity. A test can be similar to291

another, but they can both be invalid; therefore construct validity can be seen as an inferior form of validity than criterion292

validity with a gold standard, and there is good reason to suggest it does not assess validity properly (Borsboom, Cramer,293

Kievit, Scholten, & Franić, 2009). NLP example: Among individuals at clinical high-risk for psychosis, the NLP metric294

of semantic coherence was correlated with positive thought disorder severity (e.g. tangentiality and derailment) and the295

NLP metrics of complexity (sentence length and complementizer use) were correlated with negative thought disorder296

severity (poverty of speech and content) (Bilgrami et al., 2022). A type of construct validity is known-groups validity:297

When a test score discriminates between two groups known to differ (Davidson, 2014). NLP example: A valid measure298

of quality of life from natural language should likely differ between groups with and without chronic pain.299

Content validity. The systematic examination of the test content by an expert to determine whether it covers a300

representative sample of the behavior to be measured (Anastasi & Urbina, 1997). A scale assessing depression should301

cover most common symptoms; however, depression scales perhaps should be expected to have low content validity302

given the dozens of diverse symptoms that are considered part of depression (i.e., heterogeneity, (Fried, Flake, &303

Robinaugh, 2022)). NLP example: Even though a classifier has relatively high performance on a test set, this does304

not guarantee it covers a representative sample of the behaviors of the construct being measured. A classifier can305

achieve higher performance detecting eating or body image concerns while missing “anorexia" if this token is relatively306

infrequent in the test set (Low et al., 2024). LIWC has low content validity for most mental health symptoms such as307

hopelessness or suicidal ideation. Content validity test sets compute the sensitivity of a given trained model on its ability308

to predict as positive a list of tokens that cover most types of instances of the construct (proposed in the current study).309
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Epistemic validity and clinical utility. Validity is generally seen as a demonstration that a test measures what it310

intends to measure (Borsboom, Mellenbergh, & Van Heerden, 2004; Kelley, 1927), independent of how it is being used311

(Borsboom, 2006). However, a test may be used to inform a diagnosis or treatment plan or to determine the efficacy312

of a therapeutic or educational intervention. Aspects of how a score is interpreted and used in practice ethically or313

unethically are related to its epistemic validity (Truijens, Cornelis, Desmet, De Smet, & Meganck, 2019) (see also,314

Jacobs and Wallach (2021)). Relatedly, determining whether a certain sensitivity and precision of a test is appropriate315

depends not on only their values but on how decisions will be made as a consequence of their values, their clinical316

utility. This can be quantified through a net benefit analysis which weighs potential benefits versus harms of a test,317

considering its true positive and false positive rates (Kennedy et al., 2021; Kessler, Bossarte, Luedtke, Zaslavsky, &318

Zubizarreta, 2020; Vickers, Van Calster, & Steyerberg, 2016). NLP example: Consider an NLP model that detects319

suicide ideation in the last clinical visit to determine whether their should be a follow-up; if the model has low precision,320

it might still lead to improved outcomes compared to not deploying it, a net benefit.321

Fairness. Related to the concept of equivalence in psychometrics, a test should not unintentionally function differently322

for different groups (e.g., age, disability, gender, race, ethnicity, education level, sexual orientation) Rust et al. (2020),323

particularly if it is unknown to the test recipient. More broadly, fairness relates to evaluating whether discoveries (e.g.,324

five dimensions of personality) generalize as universals beyond the socioculturally-narrow populations where they were325

tested (Gurven, Von Rueden, Massenkoff, Kaplan, & Lero Vie, 2013). NLP example: A model underpredicts the need326

for an intervention for a protected group. Metrics and algorithms exist to identify and mitigate bias (Hort, Chen, Zhang,327

Harman, & Sarro, 2023). Discovering social bias in LLMs is another active field of research given the data used to train328

models, while large in scale, may also be narrow socioculturally (Kotek, Dockum, & Sun, 2023).329

Measures of uncertainty. Uncertainty can be considered as doubt about the validity of a measurement result and a330

dispersion of the values that could reasonably be attributed to the attribute being measured (Jcgm et al., 2008). While331

standard deviations and confidence intervals can be estimated as average effects, individual predictions should also332

convey level of confidence as well as a lack of confidence when a model has not been trained on similar samples.333

Uncertainty methods for individual predictions include prediction intervals, conformal sets, Monte Carlo dropout,334

ensembling, and Bayesian methods (Kompa, Snoek, & Beam, 2021). NLP examples: (1) If model predicts high risk335

with high uncertainty, do not deploy planned intervention and have expert inspect. (2) Generative AI models could336

provide confidence estimates and evidence that supports their opinions or inferences.337

Standardization. Method by which a score’s test is interpreted by comparing a score to a representative sample338

(populational norms) on standardized scores (e.g., stanines, T scores; Rust et al. (2020)). Lack of replication across339

studies can occur when different measurements of the same construct are done differently due to either different340

unstandardized research design or operationalization. NLP examples: (1) Leaderboards are ways of standardizing341

models’ criterion validity, public tokenizers can help standardize preprocessing. (2) Standards for feature extraction342

could be developed to rule out results across studies are not different due to differences in pipeline implementations or343

choices in parameters.344

Unidimensionality. Whether the target construct to be measured is homogenous, that is, indicators measure the345

same thing (e.g., a specific type of insomnia) or whether it is heterogeneous and thus measures multiple things (e.g.,346

depression, Fried et al. (2022)). The amount of dimensions can be assessed through exploratory factor analysis (EFA),347

categorical principal component analysis loading plots, and item response theory (Mair et al., 2018). If items or more348

specific constructs have strong associations to certain latent variables and not to others, then each latent variable can349

be seen as a homogeneous construct. These could be grouped into a multidimensional scale (e.g., personality, job350

performance). A network approach does not need to assume latent variables and can assess dimensionality through351

community detection of observed variables. NLP example: The dimensionality of a lexicon can be assessed by encoding352

the tokens with embeddings and clustering, where the amount of clusters (i.e., construct dimensions) would have the353

highest average silhouette score. Embeddings could also be used in factor analysis. Features of a trained model could354

also be evaluated similarly.355

Reliability. The consistency of a measure depends on the condition under which it is evaluated 7:356

(a) Parallel-forms reliability and intra-method reliability. Consistency of responses of a given individual to357

two versions of the same questionnaire that use different items (Van der Wal et al., 2022). NLP example: If we358

consider trained models as individuals, slightly changing prompts to a generative AI LLM can result in very different359

performance (Sanh et al., 2021; Shu et al., 2023b; Van der Wal et al., 2022). Testing sensitivity of a model to360

reinitializing random weights or parameters (Hoyle, Goel, Sarkar, & Resnik, 2022; Van der Wal et al., 2022).361

(b) Test-retest (across time). Measuring same individuals using same test across time points. When this is done by362

a same rater over time, it is called intra-rater reliability. As with prospective validity, this will depend on whether363

construct is expected to change (i.e., trait) or remain stable over time (i.e., state). NLP example: An NLP model364

7For an extensive overview of reliability in NLP, see Riezler and Hagmann (2022).
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detecting paranoia from text had good test-retest reliability over the course of several days using intra-class correlation365

(Cohen et al., 2022).366

(c) Internal consistency (across items). Degree to which items measure the same thing (Cronbach, 1951). The most367

widely-used Cronbach’s alpha is not recommended as it tends to underestimate reliability due to many unrealistic368

assumptions, such as assuming each item on a scale contributes equally to the total score (tau equivalence) (McNeish,369

2018). A measurement may have high internal consistency but not be unidimensional (a more stringent concept) if370

items are associated with multiple latent variables (see unidimensionality section above). NLP example: The Suicide371

Risk Lexicon (Low et al., 2024) as a whole covers a diverse set of risk factors, but each of its 49 constructs could be372

evaluated for internal consistency by computing the average cosine similarity of each token’s embedding with a target373

label embedding representing the construct.374

(d) Inter-rater (across raters). Consistency across different raters’ independent judgements as measured through375

absolute percentage agreement, Cohen’s Kappa, intra-class correlation (ICC) and other methods (Mair et al., 2018).376

NLP examples: (1) Annotators judging whether to include tokens in a lexicon (Low et al., 2024). (2) Two distinct topic377

models could be both correct because of the subjective nature of categorization, topic models could be considered raters378

and reliability could be assessed through Rand Index (Hoyle et al., 2022).379

380

Which of these properties should be evaluated will depend on the goals of the study. Ideally, a measurement is381

demonstrated to be valid when a measurement outcome (e.g., change in thermometer) is caused by an intervention on382

the target attribute (e.g., temperature) (Borsboom et al., 2004). This causal effect can be estimated through randomized383

controlled trials or causal inference methods for observational data (Hernán & Robins, 2020). This causal perspective384

on validity could discard many types of so-called validity approaches listed here as necessary to prove validity; in385

particular, construct validity (i.e., the degree to which a test correlates with what it should and does not correlate with386

what it should not) could be discarded Borsboom et al. (2009). Some of the properties we present may only demonstrate387

some expected property of a valid assessment, but not prove validity themselves (e.g., construct validity). An NLP388

example of this type of causal validity could be demonstrated by evaluating the validity of an NLP model that measures389

state anxiety from text data: participants could be randomly assigned to a relaxation- or anxiety-inducing task and asked390

immediately after to write about their affect –a valid score from this NLP model would be lower after the relaxation391

task than the anxiety task. 8 Having said this, we expect researchers would want to evaluate most of these different392

properties depending on their application, but might only evaluate some of them (e.g., standardization) after more basic393

evaluation (criterion validity) is assessed. Our goal is to describe most properties that be of interest, especially for NLP394

and psychology researchers who are less familiar with psychometrics or psychometricians who are less familiar with395

NLP examples.396

The following two studies we performed demonstrate trade-offs of selecting a given NLP method as a function of397

the dataset, goal, and psychometric property that should be fulfilled. The studies try to assess variables related to398

psychological crises and mental health, tasks that highlight the need for models that are valid, explainable, and keep399

sensitive data private. In study 1, we compare predictive performance of a wide variety of NLP methods. Furthermore,400

we demonstrate why it is important to evaluate content validity, and we provide a novel way of doing so: evaluating401

whether a model trained to detect a construct can correctly classify highly prototypical and obvious words and phrases402

of said contruct, as defined by experts. In study 2, we showcase a common scenario of class imbalance where the403

outcome of interest is rare. We predict the target variable –which is in the future– using increasingly larger segments404

of the crisis counseling conversation (i.e., prospective validity). In this high-stakes scenario, we use an interpretable405

method to avoid unknown bias and to understand which symptoms most predict future risk.406

5 Study 1: assessing multiple types of mental health issues to evaluate concurrent criterion407

validity and content validity408

Here, we present a use case to demonstrate how to train and validate these different types of NLP methods to detect409

a diverse set of psychological constructs in two datasets: (a) issues discussed during de-identified Crisis Text Line410

conversations, as annotated by the crisis counselor immediately following the conversation ; and (b) similar types of411

issues from Reddit (described in section 5.1). The semantic variety of issues –from suicide to bullying to gender/sexual412

identity– should allow us to evaluate the sensitivity of the models to these different types of constructs. Demonstrating413

that an NLP model can detect what counselors coded as the conversation happened is a form of concurrent criterion414

validity. However, our main goal is to demonstrate that while being able to predict a human-annotated label is key,415

high-performing models may or may not be capturing a representative set of expressions of the target construct (i.e.,416

low content validity). To assess this, we introduce a novel way of evaluating content validity (see section 5.4).417

8For further discussion on validity and measurement, see Appendix C.
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Figure 4: Distribution of types of issues

5.1 Datasets418

Crisis Text Line. Crisis Text Line is a nonprofit organization that provides free, 24/7, confidential mental health support419

for individuals in crisis who can begin a conversation with a trained, volunteer counselor via text messaging, WhatsApp,420

or webchat. Crisis Text Line users have been reported to be predominantly young (76% under the age of 25), female421

(79%), white (53%) and heterosexual (52%) (Pisani et al., 2022). We built several different datasets using Crisis Text422

Line data, containing de-identified crisis counseling conversations between individuals in crisis and counselors from the423

years 2017 to 2022. Years 2020 and 2021 were omitted to avoid symptoms and concerns that were prevalent during424

the Covid-19 pandemic. In Figure 4 we show the distribution of the 13 most common types of issues as labelled by425

the counselors. We built balanced binary datasets (training set N=4000, test set N = 600) where only one of these426

issues was present vs. a random selection of the remaining types of issues from a total of 52,270 unique conversations.427

Binary models were used because multi-class classification could change radically depending on what constructs are428

chosen and we want to reflect a psychometric tests that results in a single score. The sample size was chosen to test429

how increases in training set affects performance and we consider 4000 samples would be among the larger samples in430

clinical studies.431

Reddit. Reddit is a widely-used forum, used by 22%, of U.S. adults (Gottfried, 2024). It is organized into subreddits,432

many of which are lightly-moderated spaces for seeking and providing mental health support. Using the Python433

praw package (v7.8.1), we downloaded posts from 11 subreddits (4000 for training and 600 for testing for each434

subreddit), reflecting most of the Crisis Text Line issues (i.e., Depression, Anxiety, SuicideWatch, Lonely, SelfHarm,435

EatingDisorders, GriefSupport, Bullying, Addiction, AskLGBT, SexualAssault). Since these are public data, we can436

evaluate the performance of proprietary state-of-the-art LLMs in their ability to identify the subreddit of each post. Posts437

were from 2025, after each model’s training data cutoff date, so these samples were not in the model’s training data.438

This also allows us to evaluate how much our results change across two datasets, keeping constructs relatively constant.439

This dataset differs from Crisis Text Line in being a monologue (looking at just the post content), not a dialogue, and440

coming from a different population: while Reddit users also tend to be young, they are characterized by being less441

young (44% under 29 years old), mostly male, and with more Asian and Hispanic than White users (Gottfried, 2024).442

13



Low et al. (2024). Text Psychometrics.

5.2 Models443

We include interpretable methods (lexicons, similarity-based text classification) given psychologists commonly use444

models for high-stakes decisions or to advance the understanding of what predicts a given construct. And we also445

include zero-shot methods (construct-text similarity and generative AI) given the previously discussed challenges of446

obtaining computational resources and the moving target of constructs that might need to be assessed.447

LIWC-22 lexicon: LIWC is a lexicon that counts the proportion of tokens related to 117 categories including semantic448

constructs (family, anger) and nonsemantic linguistic features (1st person pronouns, unique words).449

Suicide Risk Lexicon (SRL): this lexicon contains tokens (words and phrases) associated with 49 different risk factors450

for suicidal thoughts and behaviors (STBs) including direct-self injury, hopelessness, and discrimination (Low et al.,451

2024). It has been shown to surpass LIWC and offers higher content validity (i.e., more related constructs) than LIWC452

for language around psychological issues and imminent risk. Initial tokens were built using GPT-4 turbo and later453

validated by clinicians. Counts are normalized by document word count.454

LIWC-22 and SRL were trained using logistic regression. Hyperparameter tuning was done using Bayesian optimization455

using the scikit-optimize package on a 5-fold cross-validation of the training set. Hyperparameter tuning of the Ridge456

alpha parameter included values [0.001, 0.01, 0.1, 1, 10, 100].457

Construct-Text similarity (CTS): We apply this method, as described in section 3.1, twice: once by building the458

construct representation using only one prototypical token and again by using all prototypical tokens from the suicide459

risk lexicon as construct’s tokens; prototypical tokens are those that scored 3 out of 3 by all clinicians in how much460

they represent a given construct (e.g., "anorexia" is very prototypical of eating disorders while "didn’t eat much" is less461

so). We tokenize the document into independent clauses (with subject and predicate) to capture more minimal units462

of meaning than sentences separated by punctuation. We compute the maximum similarity to capture the document463

token with the highest similarity to any prototypical lexicon token. We then min-max scale the output of the cosine464

similarities between 0 and 1 to match the scale of other models.465

Open-source LLM Gemma instruct models: Gemma 7B is an open-source generative LLM that was high-performing466

on multiple tasks involving reasoning, question-answering, math and science, and coding at the time of analysis (Team467

et al., 2024). Gemma 2B is a smaller version that is expected to underperform but can run efficiently on a personal468

CPU unlike its larger counterpart. These models were downloaded onto our private and secure computer cluster. We469

provided the prompt displayed in Appendix Figure 9. We did inference using Gemma 2B-it on a single NVIDIA470

GeForceGTX1080Ti GPU for 10 hours and Gemma 7B-it on a single QUADRORTX6000 for 16 hours.471

Proprietary LLM Google Gemini 2.0 flash & OpenAI GPT-4o models. These models are among the highest472

performing models at the time of analysis 9. Therefore, we used these for public Reddit data but not Crisis Text Line473

data. They also allow for a prompt that includes the entire codebook which reduces API requests considerably (see474

Figure 10). We randomized the order of the constructs in the prompt for every submission to avoid an ordering bias.475

To encourage the model to select the most highly predicted tokens, the temperature —a parameter controlling output476

randomness or creativity that typically ranges between 0 to 1— was set to a low value of 0.1. If the output of LLMs477

did not contain a parseable JSON (approximately 3% of cases), random output scores (i.e., between 0 and 1) were478

generated.479

5.3 Concurrent criterion validity: predictive performance on binary classification task of 13 types of issues480

In Table 2 we show the average and range of the performance of the different binary text classification models across481

the different types of issues in two datasets, summarized using ROC AUC, the probability that a randomly chosen482

positive instance will be ranked higher than a randomly chosen negative instance by the classifier (0.5 = random; 1 =483

perfect prediction). In both datasets, the SRL outperforms LIWC, which is expected given it actually captures more484

relevant constructs to mental illness (i.e., as higher content validity at face value). In the Crisis Text Line dataset, the485

CTS model —using just a single variable in a zero-shot fashion– surpasses LIWC and the Suicide Risk lexicon trained486

on 300 documents and matches LIWC trained on 4000 samples. In the Reddit dataset, the CTS models performed487

relatively well: they only marginally underperformed the lexicon models but used only one variable and did not require488

any training (i.e., zero-shot). The LLMs require no additional training data from the target dataset (e.g., Crisis Text489

Line, Reddit) and improve their performance likely as a function of parameter size and recent innovations in training490

which allow for larger training datasets (while model and training specifications are proprietary, GPT4o and Gemini 2.0491

flash are likely larger than gemma 2–7b models; Minaee et al. (2024)).492

9https://huggingface.co/spaces/lmarena-ai/chatbot-arena-leaderboard
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Table 2: Performance of different types of text classification methods. Number of variables are shown in parentheses.
Zero-shot models require zero additional training data and are therefore displayed separately. The models that performed
best on the test set (highest ROC AUC) and on the content validity test sets (highest sensitivity of prototypical tokens)
are highlighted in bold. Only public Reddit data was submitted to proprietary APIs (Google, OpenAI). SRL: Suicide
Risk Lexicon; CTS: Construct-Text Similarity; single: single prototypical token; multi: multiple prototypical tokens.

Crisis Text Line Reddit
Models

(N variables)
Train

set
ROC AUC

Mean [min-max]
Content validity
Mean [min-max]

ROC AUC
Mean [min-max]

Content validity
Mean [min-max]

LIWC-22 (117) 100 0.69 [0.58-0.77] 0.80 [0.38-1.00] 0.80 [0.73-0.89] 0.86 [0.56-1.00]
LIWC-22 (117) 300 0.75 [0.66-0.84] 0.74 [0.21-1.00] 0.84 [0.78-0.90] 0.82 [0.62-1.00]
LIWC-22 (117) 4000 0.82 [0.73-0.89] 0.77 [0.40-0.96] 0.90 [0.85-0.94] 0.88 [0.70-1.00]
SRL (50) 100 0.74 [0.66-0.79] 1.00 [0.98-1.00] 0.84 [0.73-0.95] 0.98 [0.86-1.00]
SRL (50) 300 0.80 [0.69-0.87] 0.97 [0.67-1.00] 0.88 [0.81-0.94] 0.96 [0.78-1.00]
SRL (50) 4000 0.86 [0.73-0.95] 0.99 [0.91-1.00] 0.93 [0.86-0.98] 0.98 [0.78-1.00]
CTS single (1) 0 0.82 [0.59-0.95] 0.51 [0.16-0.79] 0.79 [0.65-0.89] 0.43 [0.13-0.69]
CTS multi (1) 0 0.82 [0.71-0.92] 1.00 [1.00-1.00] 0.83 [0.71-0.92] 0.84 [0.53-0.97]
gemma-2b-it 0 0.61 [0.41-0.79] 0.92 [0.40-1.00] − −
gemma-7b-it 0 0.82 [0.62-0.90] 0.91 [0.50-1.00] − −
Gemini 2.0 flash 0 − − 0.91 [0.83-0.95] 0.91 [0.78-1.00]
GPT-4o 0 − − 0.91 [0.83-0.96] 0.94 [0.85-1.00]

5.4 Evaluating content validity with content validity test sets493

To evaluate content validity quantitatively, we introduce content validity test sets: lists of tokens judged by experts to be494

highly prototypical of the construct of interest. Prototypical tokens are those that first come to mind when thinking of495

a construct (“I’m a burden” or “I’m a nuisance” for burdensomeness) –given a specific definition– and have fewest496

features in common with other constructs (Low et al., 2024). Prototypical tokens should not lead to many false positives497

where the the person is not expressing the construct (e.g., “I’m anxious” for burdensomeness). While these tokens498

are likely to appear in a large enough test set, their relative frequency will be different, as depicted in Figure 5. A499

random test set will evaluate a model’s ability to generalize to real, unseen data; while a content validity test set will500

answer the question: how many of the obviously prototypical tokens can the model detect? These lists can be obtained501

from publicly available lists made by experts (e.g. symptoms in DSM-5) or more rigorously by creating a lexicon and502

validating it with clinicians, as done with the Suicide Risk Lexicon (SRL; Low et al. (2024)) 10. We would expect503

high-performing models to capture all prototypical tokens, especially those scored 3 out of 3 in clinician evaluations504

of prototypicality as we test here. Therefore, the metric of choice is sensitivity: out of the prototypical tokens how505

many can the model correctly predict? While traditional test sets include non-obvious positive cases making a perfect506

prediction of 1 very difficult, we expect all models to have a perfect sensitivity close to 1 in detecting obvious tokens,507

especially those built using SRL (SRL and CTS). These content validity test sets provide a model-agnostic method508

of evaluating content validity, which can also serve as an explainability tool (i.e., what information does the model509

capture?). Fang and cols. (2022) Fang et al. (2022) evaluated content validity of text embeddings through probing510

experiments: text is encoded with a given embeddings model x (e.g., BERT) and with an interpretable feature f (e.g.,511

sentence length); the embedding is assumed to contain the interpretable information if it can predict it, a common512

approach in explainable machine learning. However, this does not answer whether a model captures a representative set513

of prototypical expressions, which may be closer to the definition of content validity, and we try to demonstrate through514

our complementary approach, which unlike probing is dataset-independent and works for evaluating models and not515

just embeddings.516

In Table 2 we show the average and range of the performance of the same binary text classification models as section517

5.3 but now tested on lists of clinically-validated tokens that are highest on prototypicality (i.e., content validity test518

sets), computing the sensitivity for these tokens (i.e., content validity). Any misses are considered an obvious mistake.519

As expected, SRL-based models (SRL and CTS using prototypical SRL tokens) are able to capture the protoytipical520

tokens except CTS (1 prototype) which has low performance. Evaluating the model just on out-of-sample prediction521

using metrics such as ROC AUC or F1 score (i.e., criterion validity) miss this lack of content validity. Surprisingly,522

gemma models perform extremely well on average, although much worse for some constructs. Unsurprisingly, the523

more recent and larger Gemini 2.0 flash and GPT-4o models peform very well on average.524

10We specifically used SRL tokens judged 3/3 by experts (srl_prototypes_v1-0) from construct-tracker package. For a tutorial, see:
https://github.com/danielmlow/construct-tracker/blob/main/tutorials/suicide_risk_lexicon.ipynb
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Figure 5: Typical test sets influence models to use tokens to improve prediction to the extent they are associate with the
target construct. They test generalizability to unseen data. Certain infrequent tokens could be ignored and still achieve
high performance. On the other hand, content validity test sets are lexicons of prototypical words and phrases related to
the construct as validated by experts, where all tokens have equal weight to evaluate whether a model detects a good
coverage of expressions of a construct. Prototypical tokens are expected to be both sensitive and specific by experts (i.e.,
“eating” would create many false positives). Individual tokens should be detected as positive by a model that claims
to detect the target construct (i.e., high sensitivity of these tokens). This can also be evaluated by placing tokens in
multiple sentences each, generated using LLMs. We use the most prototypical tokens (3/3) from relevant constructs of
the Suicide Risk Lexicon (Low et al., 2024).

6 Study 2: Predicting whether to deploy an emergency service intervention for imminent525

suicide risk to evaluate prospective criterion validity under class imbalance526

The goal of this second use case is to present a more challenging NLP task: predicting a low-base rate phenomenon:527

whether the outcome of the conversation resulted in requesting an emergency services intervention, resulting in an528

imbalanced dataset. Furthermore, we will predict this outcome using earlier parts of the conversation, which is a form529

of prospective criterion validity. We show how different classification metrics improve as more messages are included.530

We finish by providing an algorithmic explanation (i.e., feature importance), that is, revealing which risk factors are531

most predictive of the outcome which can help inform theory.532

6.1 Dataset533

During Crisis Text Line conversations analyzed, counselors assessed for suicidal thoughts, suicidal plans, access to534

means, and imminent 48-hour timeframe, in that order (see Low et al. (2024) for more details). If a texter is determined535

to be at a high risk by the crisis counselor, the counselor will involve a supervisor. The supervisor evaluates whether the536

texter is in immediate danger and unable to create a safety plan or deescalate, in which case the supervisor may contact537

local emergency services. To better dissociate the likely highest risk group in the dataset, we created two groups: (a)538

suicidal desire without plans, means, or timeframe, and (b) cases where an emergency service intervention was initiated,539

which has all symptoms present and cannot be fully deescalated. Such models could speed up risk assessments (e.g.,540

alert the supervisor earlier), give a second opinion to the counselor and supervisor, or, after appropriate validation, be541

used in a different setting where there is no counselor (e.g., social media). We balanced the training set by downsampling542

suicidal desire cases to the imminent risk sample size to avoid the model over-predicting values closer to the majority543

value, resulting in a training set of 3500 (half in each group). The test set included a total of 2358 cases, with 2152544

suicidal desire cases without plans, means, or timeframe cases (91% of test set) and 206 emergency services intervention545

cases (9% of test set).546
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6.2 Model547

For this task, we wanted an explainable model to improve trustworthiness and so we could perform feature importance548

analysis to understand which risk factors are associated with imminent suicide risk needing an emergency service549

intervention. We chose CTS with all prototypical tokens given its high performance in the prior task in capturing550

constructs. We used all constructs from the Suicide Risk Lexicon as independent variables and trained a LGBMClassifier551

model. Hyperparameters [and values] tested for the LGBMRegressor were: num_leaves [30,45,60], colsample_bytree552

[0.1, 0.5, 1], max_depth: [0,5,15], min_child_weight: [0.01, 0.001, 0.0001], min_child_samples: [10, 20,40].553

6.3 Prospective criterion validity: predicting whether to deploy an emergency service intervention for554

imminent suicide risk555

In Figure 6 we report predicting the outcome of the conversation resulting in an emergency service intervention as the556

conversation advances (computed on the quartiles of the number of messages across all participants of the training set:557

25% = 28, 50% = 43, 75% = 64, 100 % varies by conversation). Similar performance to using the entire conversation558

can be achieved with the first 3/4 of the conversation, which could help speed up potential alert systems that could be559

designed in the future, if the number of messages or duration of conversation could also be reliably predicted, to help560

supervisors make a decision. Whether this model is clinically useful (one of the psychometric properties we described),561

that is, whether these classification metrics are sufficiently high for a model to be deployed –in particular, models with a562

low precision, which is common in low-base rate phenomena such as suicide risk assessments (Kessler et al., 2020)–563

could be evaluated quantitatively with a net benefit analysis, which should include weighing potential benefits versus564

risks of harm of emergency services interventions, which may vary across populations (Kennedy et al., 2021; Kessler et565

al., 2020; Vickers et al., 2016).566
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Figure 6: Predicting a request for an emergency service intervention (decided towards the end of the conversation) as
the conversation advances

6.4 Feature importance567

Understanding which variables are associated with suicide risk from a language perspective can help inform the theory568

of suicide risk: what risk factors should counselors pay particular attention to? To compute feature importance with the569

LGBMRegressor model, we calculated the improvement in the information gain (i.e., the splitting criterion) from using570

a given feature in a tree’s split (i.e., how much a given feature helps to reduce the error). Other methods include SHAP571
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(Mosca, Szigeti, Tragianni, Gallagher, & Groh, 2022), leave-one-feature out (especially when there is colinearity)11,572

and permutation feature importance.573

In Table 3 we show the top 20 features for predicting imminent risk with emergency service intervention. Mentions of574

lethal means for suicide (e.g., cutting), Other substance use & overdose ("overdose", "pills"), and having the texter write575

more than the counselor were the most predictive features for detecting the need for an emergency service intervention.576

Table 3: This interpretable method with high content validity allows us to report which known suicide risk factors from
the literature are most predictive of an emergency service intervention scenario. Importance: feature importance, which
is operationalized as the improvement in the information gain from using a given feature in a tree’s split.

Feature Importance
Lethal means for suicide 5106.62
Other substance use and overdose 2964.54
Texter-counselor word count ratio 1951.01
Police & incarceration 830.73
amount of messages counselor 688.64
Depressed mood 624.06
Anxiety 487.35
Anhedonia & uninterested 422.76
Panic 406.98
Borderline Personality Disorder 378.76
Impulsivity 341.36
amount of messages texter 341.35
Passive suicidal ideation 339.31
Rumination 296.11
Bipolar Disorder 295.19
Agitation 258.65
Entrapment & desire to escape 250.47
Active suicidal ideation & suicidal planning 235.09
Other suicidal language 190.90
Hopelessness 179.73

7 Discussion577

We have introduced Text Psychometrics as an important area of research to improve the validity and reliability of578

NLP methods being developed for psychological assessments in text data. We reviewed how to validate models that579

use NLP to assess psychological constructs in text through examples and through two original studies. In particular,580

we have provided a novel method for evaluating content validity using lexicons and expanded a similarity-based text581

classification method which we call construct-text similarity which is interpretable and lightweight. Next we help guide582

researchers in choosing the optimal NLP method given their research and dataset constraints.583

7.1 How to choose a natural language processing method584

In Figure 7 we summarize the tradeoffs of different NLP methods as a function of different, key desirable properties.585

This is a qualitative analysis based on our results and prior studies. The first point to make is that using LIWC or an586

existing lexicon is rarely a good choice given it generally has lower predictive performance compared to other methods.587

We also argued it lacks content validity at face value since it does not generally capture the main target constructs of588

interest in any given study (Low et al., 2024); furthermore, when used to detect a given construct, the resulting model589

misses many prototypical tokens of the construct as shown with the content validity test sets (Table 2). An alternative is590

building one’s own lexicon, and one can have an LLMs generate a draft lexicon as a starting point (Low et al., 2024).591

This is likely to achieve improved performance (criterion validity) and higher content validity. Custom lexicons can592

be used directly without training a model (zero-shot) in the sense that one can count whether their tokens appear in a593

document without training a model, although it is unlikely to perform very well. It is better to train a model to learn594

how much to weigh these counts to detect the dependent variable. The main limitaitons with lexicons is they cannot595

match tokens that are similar to the ones they have ("suicide attempt" will not match "attempted suicide") and they lack596

awareness of how a word’s context might be associated with the target variable (’not sad’, ’very sad’, ’sort of sad’),597

11https://github.com/aerdem4/lofo-importance
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which explains their limited performance. Fine-tuning a deep learning model (e.g., BERT) overcomes this issue of598

context, which is one of the reasons why it tends to outperform lexicons, but requires substantially more training data599

and are black-boxes (Low et al., 2024). An intermediate approach between lexicons and fine-tuning a deep learning600

model is to use Construct-Text similarity, which is zero-shot, matches similar tokens, has high content validity, and is601

interpretable. However, it is also insensitive to context which will limit its predictive performance.602

Recent LLMs perform well zero-shot, can be fine-tuned for improved performance, and can be requested to provide603

self-explanations of why they generated a certain result, which may or may not be truthful (Agarwal et al., 2024). They604

are sensitive to extremely large prompts (i.e., context windows) and can capture attempts at avoiding keyword detection605

(e.g., “s3lf harm3d yesterday" would be likely flagged as self harm). Open-source versions currently require substantial606

computational resources (GPUs, technical abilities) and tend to perform worse than proprietary versions Chiang et al.607

(2024); however, a proprietary version requires users to submit their data to APIs, which may not be secure or permitted608

for sensitive data until cloud-based systems become more secure or are trusted. It is also challenging to make generative609

LLMs output deterministic results, which may create unforeseen errors and is particularly problematic in high-stakes610

scenarios. Other approaches (BERT-type models) can be used in these settings for deterministic results as an alternative611

or used alongside generative LLMs.612

Overall, lexicons or construct-text similarity might be prioritized over other deep learning approaches when (a) an613

interpretable is preferred for high-stakes decisions or scientific inquiry (perhaps used in tandem with LLMs to guarantee614

capturing tokens an LLM might miss); and (b) when models that might result in higher predictive performance are615

challenging to train or use due to lack of labeled data, computational resources, or data-privacy requirements that forbid616

sharing data with a LLM API or cost (e.g., running LLMs for millions of electronic health records). LLMs are already617

dominating other methods given their performance is extremely high. LLMs will gain even more traction once their size618

decrease in order to run more easily on personal computers and their self-explanations are deemed not only plausible,619

but also faithful (i.e., true) (Agarwal et al., 2024). More mechanistic interpretability methods and understanding for620

LLMs are also being developed (Lieberum et al., 2024; Lindsey et al., 2025).621
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Figure 7: Desirable properties and how different types of NLP methods compare. LLM: large language model. SOTA:
state-of-the-art.

7.2 Are text-based measurements objective if they predict a subjective criterion? Moving beyond the622

convergence with rating scales.623

It is commonly thought that a biomarker (digital speech pattern, neural circuit, genetic marker) or behavioral marker624

(language sentiment) are objective because they can measure a variables automatically, that is, they are more objective625

than any one human’s subjective opinion. However, can these markers be considered objective if they are predicting626

subjective variables such as a self-report questionnaire? A first consideration is that the target labels may come not627

from self-report but from the opinion of experts who provided the labels, who may use more objective criteria than628

nonexperts. The label may be a gold-standard that is relatively objective, such as a diagnosis of vocal-fold paralysis629

through video endoscopy Low, Rao, Randolph, Song, and Ghosh (2023). A model that accurately predicts expert630

judgements could be more objective than most non-expert humans. Second, if a model is biased or unfair, such as one631
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that unjustly uses proxies for race to grant or deny parole to incarcerated individuals (Mayson, 2018), it could in theory632

be improved or corrected through bias mitigation methods (Hort et al., 2023). This model could end up being more633

objective than the average judge. Therefore, by increasing the amount of training datasets and correcting over time,634

a model might become more objective than the humans who provided annotations in any one of its training datasets.635

Self-supervised models such as GPT models achieve this even without an external criterion: it uses next-word prediction636

of the own training data on vast amounts of diverse corpora to allow models to gain rich representations useful in having637

better predictions than many humans in a variety of downstream tasks, especially when combined with reinforcement638

learning with human feedback (Bai et al., 2022).639

Nevertheless, given text-based measures often predict subjective target variables, it might be important to evaluate640

the validity of a text-based measurement beyond assessing its convergence to a subjective rating scale (Kjell et al.,641

2023). Several studies have compared text models to rating scales without having to train the text model to optimize the642

prediction of a self-report rating scale variable. One study (Kjell, Kjell, Garcia, & Sikström, 2019) took the pictures643

of facial expressions of different emotions done by actors (happy, sad, or contemptuous, taken as the ground-truth)644

and randomly assigned participants to either describe each expression with words or rate each stimulus using rating645

scales for the corresponding expression (e.g., 1 = low to 5 = high happiness). Then both types of responses (i.e., text646

versus rating scale) were used to predict the ground-truth emotion category and the text-based model showed higher647

performance. Therefore, these types of analyses allow text-based models to independently be compared to rating scales648

using criterion validity of a ground truth. Another study (Sikström, Nicolai, Ahrendt, Nevanlinna, & Stille, 2024)649

first had one set of individuals write about a series of internal states (depression, anxiety); these narratives are safely650

assumed to be about those states (ground-truth). Then they had a second set of individuals use relevant rating scales651

(PHQ-9, GAD-7) to assign scores to those narratives. Then models were trained to predict the states from either the652

features extracted from the narratives or from the rating-scale scores and the text models outperformed the rating scales653

in detecting emotional states. However, going forward, comparing the utility of natural language and rating scales654

should be based on multiple desirable psychometric properties, consider the trade-offs in the time it takes to produce655

scores with rating scales and narratives, and how well a researcher can measure a specific construct of interest using656

both methods; for instance, perhaps heterogeneous constructs such as depression could be better assessed through657

natural language in order to capture nuanced and diverse symptoms, but a more specific construct like hopelessness658

is better assessed through a quick ordinal rating scales. Because if the person does not mention hopelessness in their659

response, this does not mean they are not experiencing it, which could quickly be assessed with a rating scale.660

7.3 Ethical considerations of assessing psychological constructs in text661

As NLP-based assessments improve, it might be possible for users to assess individuals without their consent. This662

could lead to spreading private information or rejecting individuals during jobs or insurance applications based on model663

predictions. European legislation has proposed individuals have a right to an explanation on high-stakes algorithmic664

decisions, which would make these malicious practices illegal (European Commission, 2023). As models become665

better, users may not doubt models’ outputs, which is especially problematic if we trust AI to evaluate AI (section666

7.5.3). If measurement is done via AI chatbots then all the known risks of generative AI hold: hallucinations; suicide667

encouragement; non-evidence-based medical recommendations; disinformation; illegal, toxic, and discriminatory668

content; leakage of personal information or copyrighted material from the training set; and plagiarism (Weidinger et al.,669

2021). Standardized AI safety benchmarks are being used to assess LLMS (Liang et al., 2022). Specific questions could670

be posed to a model to determine whether it will output harmful content such as suicide methods. Furthermore, training,671

fine-tuning, and particularly running inference with LLMs can produce a substantial impact on the environment, and672

reducing this impact is an active area of research (Chien et al., 2023).673

7.4 Limitations674

LLMs are known to suffer from small changes in the prompts, which can be evaluated more thoroughly (e.g., see Shu675

et al. (2023b), who refer to this as a lack of consistency), which is similar to parallel forms validity or intra-method676

validity in psychometrics (Van der Wal et al., 2022).677

We evaluated different types of models in predicting 13 types of issues. A comparison of these text classification678

methods (and potentially other methods) on multiple datasets from different domains (e.g., clinical, nonclinical, political)679

would be useful. While we cannot assume the results will hold exactly in other datasets, we do hypothesize a similar680

trend in other datasets given the discussed advantages and limitations of each approach (e.g., amount of training data681

needed, how content validity reflects capturing relevant constructs, the lack of context-sensitivity in some methods,682

reasoning abilities and general-domain knowledge of newer generative AI models).683
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7.5 Future directions: exploring other models, other NLP tasks, and AI evaluating AI684

In this section, we discuss possible extensions to the field more broadly, beyond the specific use case of crisis counseling685

discussed above. These do not reflect any plans or opinions of Crisis Text Line.686

7.5.1 Other psychometric methods687

In Appendix B we briefly reviewed factor analysis, item response theory, networks, and causal inference. Other688

multivariate modeling has been approached in psychometrics using MANOVA (independent regression models) and689

a series of path analyses such as structural equation models (which integrate confirmatory factor analysis into a path690

analytic framework), multidimensional scaling (Mair et al., 2018), and moderator-mediator models (Mair et al., 2018)691

that try to provide more insight into associations between variables. Future work could further explore how to combine692

these methods with text data; for instance, using embeddings instead of rating-scale responses for factor analysis.693

7.5.2 Other large language model methods.694

Multiple methods could be applied to improve performance including few-shot or exemplar prompting (i.e., including695

multiple examples in the prompt with their correct labels), chain-of-thought prompting (i.e., instructing the model to696

provide a step-by-step explanation in the prompt before providing the answer), ensemble refinement (e.g., include697

multiple chain-of-thought responses through temperature sampling in the prompt for the final answer), sampling698

different hyperparameters (temperature, top-k, and nucleus), and fine-tuning using efficient methods such as QLoRA699

(Dettmers et al., 2024; Singhal et al., 2023).700

7.5.3 Other NLP tasks.701

We focused on text classification, but there are many other NLP tasks that could also benefit from rigorous psychometrics.702

We briefly outline additional tasks and how they are currently validated. Many of these tasks and metrics can be703

evaluated before and after deployment.704

NER: classification metrics can be used as well as more nuanced interpretability methods (Fu, Liu, & Neubig, 2020).705

Summarization and question-answering. Summarization has many applications such as creating artificial memories706

in generative AI chatbots so it can access information about a user or provide summaries of electronic health records to707

clinicians before they see a patient. Question-answering also returns a text which needs to be validated to some ground708

truth. Validation of these tasks involves comparing the similarity to a ground-truth (criterion validity), although recent709

approach are reference-free (Scialom et al., 2021).710

RAG (Retrieval-Augmented Generation) is an approach to improve generative AI giving them access to external711

databases (Gao et al., 2023). Even though LLMs are originally trained on large corpora, they will likely not have712

information that is proprietary or novel and, therefore, can benefit from searching through new data using semantic713

textual similarity and other techniques. There are many metrics and benchmarks that evaluate different properties of the714

retrieved information (Gao et al., 2023). Applying item-response theory (IRT) could help evaluate whether the system715

adapts appropriately to varying levels of question difficulty or ambiguity.716

Chatbots. Evaluating the quality of a chatbot will require similar metrics as we have used, but also ethical considerations717

as well as metrics related to user engagement and conversation length. Fully automated chatbots are likely pose serious718

risks in high-stakes scenarios such as crisis counseling. A desirable property for a chatbot could be long-term memory719

of the interactions with the user, which may help the system retrieve details of the user over time and over longer720

documents. Another may be to have a reliable personality (Shu et al., 2023b).721

Agentic AI. AI agents can take human input via prompts in order to interact with a device and take actions. Examples722

include virtual assitants that can set an alarm; AI research assistants that can search for articles, analyze data, and723

draft manuscripts; and code assistants that can generate and test scripts (Acharya, Kuppan, & Divya, 2025). They724

are typically evaluated using task completion metrics, benchmark suites (e.g., BabyAGI, AutoGPT), and qualitative725

human feedback on their goal achievement and adaptability. Incorporating psychometrics could enhance evaluation by726

modeling latent behavioral traits and tracking their evolution over time, task type, complexity, and novelty.727

LLM-as-a-judge: AI evaluating AI for automated psychometrics. If AI is similar or better than humans at a given728

task, then AI could be the ground truth criterion we try to predict, perhaps to validate smaller, weaker, faster, or cheaper729

models. This is known as LLM-as-a-judge (Zheng et al., 2024). The gemma models we used incorporate this during730

training by having a larger, higher capability model express choose between responses it produces (Team et al., 2024).731

Models could choose the best hyperparameters of another model for training, suggest adjustments during training,732

suggest how to adapt trained models to new data, generate synthetic training data to improve measurement, continually733
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monitor predictions once deployed, and run tests to improve predictions. It is feasible that AI could one day help734

demonstrate all the desirable properties we outlined in section 4 on its own. However, generative AI has been shown735

to carry different types of racial and gender biases (Zack et al., 2024) as well as methodological biases (Zheng et al.,736

2024), which should be carefully evaluated and mitigated.737

8 Conclusion738

We have tried to promote Text Psychometrics as a field that studies how to assess psychological constructs in text. We739

first presented different types of validity and desirable properties that could be evaluated for text-based assessments.740

We then systematically compared a diverse set of models including lexicons, zero-shot construct-text similarity, and741

zero-shot generative AI on different desirable properties in their ability to predict differents types of mental health742

issues and imminent suicide risk. We argue there is a hyperfocus on criterion validity (e.g., out-of-sample prediction743

of a gold-truth label). We introduced content validity test sets as a way to demonstrate whether models miss any key744

prototypical expressions of the target variable. This helps us demonstrate that some models can have good criterion745

validity (e.g., ROC >0.75) but miss many prototypical tokens (e.g., content validity sensitivity < 0.80). In a second746

use case, we predicted the need for a future emergency service intervention (i.e., prospective criterion validity) and747

uncovered which risk factors most predicted the need for an emergency service intervention (e.g., lethal means for748

suicide more than depressed mood or hopelessness). We finish by providing a comparison of desirable properties749

to select models depending on the constraints different researchers may have (Figure 7.1). We hope this study will750

encourage broader validation of these promising NLP methods in psychology, medicine, and the social sciences.751
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Appendix767

A Correlation does not imply prediction768

A key methodological distinction between psychology and NLP is in the definition of prediction and association. While769

it is common knowledge that correlation (or more generally, association) does not imply causation, it is less known in770

psychology that correlation does not imply prediction. In machine learning, prediction entails training a model from a771

set of samples and labels, and then testing the model on new samples the model did not observe. It is common in772

psychology to refer to within-sample associations (e.g., correlations, within-sample regressions) as predictions;773

however, a model fit using the entire dataset may not generalize well when predicting new individual samples (Yarkoni774

& Westfall, 2017). Therefore, it is useful to distinguish associations or explanations (i.e., within-sample testing) from775

predictions (i.e., out-of-sample testing) as defined in machine learning and natural language processing. Moreover,776

many have suggested to place more focus on prediction in psychology and related fields (Poldrack, Huckins, &777

Varoquaux, 2020; Shmueli, 2010; Yarkoni & Westfall, 2017). Prediction is a better test of generalizability, that is the778

ability for an instrument to be reliable across different demographics, measurement instruments, models, hardware, and779

time (related to the concepts of external validity and transferability).780

B Brief history of psychometrics: from classical test theory to networks and causal inference781

Here we review how psychometrics has dealt with modeling psychological assessments throughout its history. From a782

classical test theory perspective, X = T +E (the true score model) where X is the observed score, T is the true783

unknown score and E is the unknown error between the two (Mair et al., 2018). A good quality measurement should784

show consistency among repeated attempts to measure the same thing, which implies observations X match true scores785

T (i.e., reliable scores, free from error across observations). Differences in repeated attempts could be due to786

measurement error; seasonal effects; the episodic, oscillating nature of the construct; carryover effects (i.e., people787

remember their answers if the time-lapse is short). Since true scores and errors are unknown, many different attempts at788

estimating reliability have been developed which involve either correlating multiple test administrations (i.e., parallel789

forms reliability, test-retest reliability) or calculating reliability across items of a single test administration (internal790

consistency) (McNeish, 2018). Instead of assuming there is one source of error as in the classical true score model,791

Cronbach (1972) (Cronbach, 1972) proposed generalizability theory to account for multiple sources of error (i.e.,792

facets) including items, raters, and measurement instances (Mair et al., 2018). A test can reliably return the same score,793

but be measuring the wrong attribute, that is, not be valid; whereas, a test cannot logically be both valid and unreliable.794

Item response theory (IRT, a.k.a., modern test theory) was later developed to account for the fact that different items795

have different difficulty and discrimination (i.e., how well an item can differentiate between individuals with different796

levels of the trait) (De Ayala, 2013). IRT achieves this by modeling the probability of a person’s response to an item as797

a function of the person’s ability and the item characteristics. This can provide more flexible, efficient, and informative798

testing than classical test theory approaches. When applied to biomarkers or behavioral makers (e.g., allostatic load799

from blood biomarkers, a psychological construct from natural language), IRT can help identify individual variables800

that are most informative and least informative for developing a risk assessment score, and determine if individual801

variables provide information along the entire risk score continuum, or if they provide information for only a portion of802

the continuum (Liu, Juster, Dams-O’Connor, & Spicer, 2021).803

A limitation of IRT is that it assumes a specific causal structure where observed items (e.g., sadness, anhedonia, fatigue)804

are caused by an underlying latent variable (e.g., depression), that is, a reflective model (Edwards & Bagozzi, 2000).805

However, as Fried (2017) (Fried, 2017) points out, psychological constructs do not seem to be natural kinds (e.g., gold,806

water) that are discovered, unchanging, and exist independently of human measurement; rather they are constructed807

(human-defined), mutable, and have no sharp boundaries. Once constructed, certain psychological constructs seem to808

co-occur not necessarily because there is an underlying common cause (e.g., depression as a brain disorder causing809

changes in passive indicators), but because they cause each other (e.g., each symptom having unique brain circuits that810

affect each other without the need to consider a depression construct). Instead of a natural kind, this can be better811

thought of a homeostatic property cluster and statistically modeled through networks (i.e., a graph of variables and812

multivariate associations between them) (Borsboom, 2008; Borsboom et al., 2021; Cramer, Waldorp, Van Der Maas, &813

Borsboom, 2010; Fried, 2017) instead of through latent variable models like IRT. Unlike traditional models that view814

symptoms as passive outcomes of an underlying illness, the network approach sees symptoms as active contributors815

that causally trigger and reinforce each other: symptoms do not merely signal the presence of a disorder—they are the816

disorder (Roefs et al., 2022). For more on the history of psychometrics, see Jones and Thissen (2006).817

A limitation of prior approaches is they do not prove causality as rigorously as structural causal models that use818

directed acyclic graphs (Pearl, 2010) or as the potential outcomes framework Hernán and Robins (2020). Having said819
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this, the use of directed acyclic graphs is challenging in psychology given acyclicality would rarely hold if constructs820

are causing each other, but recent advances that drop this assumption have been proposed (Park, Ryan, & Waldorp,821

2023). Another approach is to use dynamical systems to obtain closed-formed equations or computational models of822

how constructs interact in a system Haslbeck, Ryan, Robinaugh, Waldorp, and Borsboom (2019); Robinaugh et al.823

(2024); Ryan, Haslbeck, and Robinaugh (2023). This approach is promising because, as with networks, it better reflects824

the fact that constructs (e.g., panic disorder, algebra proficiency) and exposures (cognitive behavioral therapy, racism)825

are not a single, unitary objects but a system of often nonlinear interacting objects; therefore, applying standard causal826

inference on the effect of CBT (which is practiced differently by different clinicians and has many active ingredients)827

on panic disorder may be an ill-posed problem, which complex systems may model better (Ryan et al., 2023). From828

this perspective, mental health disorders are systems that are stuck in negative stable states reinforced over time by829

harmful causal interactions (anxiety > insomnia > fatigue > anxiety).830

C How to define measurement and validity?831

A common view of measurement in psychology is that of assigning any type of numeral to a construct through some832

function or rule (Krantz, Luce, Suppes, & Tversky, 1971). This definition broadly applies to many types of833

relationships. For instance, the degree to which SAT scores is associated with future college success. So what834

constitutes a valid measurement? A classic definition for validity states that a test is valid if it measures what it purports835

to measure (Kelley, 1927). Borsboom et al. (2004) (Borsboom et al., 2004) argues that a test is valid for measuring an836

attribute if the attribute exists and if variations in the attribute causally produce variations in the outcomes of the837

measurement; if they do not, then perhaps one is measuring something different or nothing at all (Borsboom et al.,838

2004). Markus and Borsboom (2013, p.54) (Markus & Borsboom, 2013) suggest it might therefore be more accurate to839

think of measurement as assigning quantities related to a real attribute, which should be on at least an interval scale. If840

the difference between a score at the 10th percentile and a score 1 point above is not the same as the difference between841

a score at the 90th percentile and a score 1 point above (i.e., it is not interval), then changes in the real attribute assessed842

would not create precise changes in the score assigned as occurs in more natural attributes such as temperature and843

well-validated measurement tools such as thermometers. Furthermore, measurement is prototypically asymmetric: a844

thermometer measures temperature, but temperature does not measure a thermometer’s value given the logical causal845

direction between the two. In this sense, finding that SAT scores correlate with GPA in college is statistically846

symmetric, so perhaps should not be considered a case of measurement but of prediction, association, or testing.847

Therefore, Markus and Borsboom (2013) (Markus & Borsboom, 2013) definition of measurement would not apply to848

most psychological assessments.849

D Formal description of text classification850

As described in (Riezler & Hagmann, 2022), first, a label y for a raw text input x is provided by a human annotator or851

algorithm. Then a machine learning model pθ is trained (a function is learned) to map labels and inputs and predict852

output ŷ where θ is the learned parameters. This can be formalized as ŷ = pθ (x) for a regression setting. In853

classification settings, we use the maximum a posteriori prediction ŷ = argmaxy pθ (y|x) where the category yi with the854

maximum value is taken among possible categories y. Measuring psychological constructs in text can be done for855

binary or multi-class (i.e., multinomial) classification (i.e., categorical output variable) to answer questions such as "Is856

this text document about construct c?"; through multi-label classification to answer questions such as "Which of these857

constructs c ∈C are present?"; as well as through regression (which in machine learning refers to predicting ordinal or858

metric output variables) to answer questions such as "Can I detect the severity or degree that construct c is present in a859

person from a sample of their text?".860
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E Construct-Text Similarity861
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cosine similarity
[−1,1]

✅ Zero-shot: no training data
✅ Does not require exact match
✅ Interpretable
❌ Does not learn contextual 
information (negations, hedges)
❌ Output similarity is not calibrated 
(0.5 threshold may not be optimal)

0.69 
0.31 
0.22
0.26
0.36 

0.77
0.18
0.17
0.16
0.38

no one ta
lks t

o m
e

alone
lonely

Possible construct representations:
⚫ construct prototype: [lonely]
   ⚫ lexicon tokens: [lonely, alone, I 
miss my friends, no one talks to me]
 x centroid of lexicon

Possible document tokens:
x sentence tokenized by punctuation ("I go to therapy, but it's useless.")
x independent clauses ("I go to therapy", "it's useless")
x Lemmatized unigrams without stopwords ("go", "therapy", "useless")

I've been feeling all alone 
I go to therapy
it's useless
no one cares about me
I want out

x ⚫
⚫

⚫

lonely

alone

no one talks to me

Text
I've been feeling all alone. I go to therapy, 
but it's useless. No one cares one cares 

about me. I want out.

Construct
Loneliness

Is this document 
about loneliness?

Score: 0.77

Figure 8: Construct-text similarity. Circles and crosses are text embeddings (quantitative representations of meaning
in the form of vectors). There are multiple options for computing each step: construct representation, document
representation, similarity function, and summary function. Here we build the construct through highly prototypical
lexicon tokens, the document representation as independent clauses, compute the cosine similarity, and take the
maximum similarity (in bold at the bottom). Conceptually, this is similar to asking where does the document mention
something most related to loneliness? The document text is made-up.

F Prompts used for large language models862

Small LLMs (e.g., gemma 2b and 7b) performed above chance only with a single classification task (i.e., one issue or863

label) per prompt (Figure 9). The more powerful models (GPT-4o and Gemini 2.0 flash) could perform well while still864

including all labels in the same prompt, so as to reduce the number of API submissions.865
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Prompt

You are a <setting> classification assistant. Classify the following <setting> (starts and ends with ```):

```

{document}

```

Assign probabilities for the following labels and return using this JSON format (do not provide additional notes, 

explanations, or warnings). Provide your best guess, only return JSON (both probabilities should sum to 1):

JSON:

{'texter mentions something related to anxiety': <your_probability>, 

'texter does not mention anything related to anxiety': <your_probability>}

JSON:

Output

{'texter mentions something related to anxiety': 0.8, 

'texter does not mention anything related to anxiety': 0.2}

Figure 9: Prompt for zero-shot text classification using small LLMs. <setting> could be “Crisis Text Line conversation”
or “Reddit post”. Prompt was changed for each issue and document. This elicits binary classification.
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Prompt

In the following Reddit post, classify the following constructs, defined as follows:

Self harm or self injury: Mention of actual or desired direct and deliberate destruction by an individual of their own body tissue, including with suicidal intent (suicidal self-injury) our 

without suicidal intent (non-suicidal self-injury). Examples: self-injury; cut myself; cutting; burn myself; harm myself

Anxiety: Anxiety is a feeling of worry, nervousness, or unease, often about an imminent event or something with an uncertain outcome. We include anxiety disorders. Examples: anxiety; 

fear; afraid; worried; OCD; PTSD; panic attacks; social anxiety; phobia; nightmare; nervous

Suicidal thoughts or suicidal behaviors: Explicit suicidal thoughts of killing oneself; mention of methods, plan, preparations, time, and/or place of suicide attempt. Suicidal thoughts 

desiring one's own death or related states (e.g., disappearing, not waking up). Suicidal language that does not belong in the other suicidal categories (active and passive SI, self-injury, 

and lethal means for suicide). Examples: kill myself; jump off a bridge; jump in front of a train; overdose; hang myself; shoot myself wish I wasn't alive; wish I could disappear; hoping I 

wouldn't wake up; I want to die no reason to live; safety plan; I hate my life

Bullying: Bullying is defined as intentional, repeated, and harmful aggressive behavior (verbal, physical, social) often with an imbalance of power between the perpetrators and the 

victims. Examples: bullied; makes fun of me

Sexual abuse: Any non-consensual act or behavior of a sexual nature imposed on someone. It can range from unwanted sexual touching and coercion to rape and exploitation. We also 

include sexual harassment in this lexicon. Examples: rape; sexual assault; was abused; non-consensual; molested me; stalking; groped me

Bereavement or grief: Sadness from losing a loved one (grief) which may result in depressive symptoms (bereavement). This may also include losing a relationship or the health of a 

loved one. Examples: grief; grieving; bereavement; bereaving; divorce; breakup; died; passed away

Loneliness or social isolation: Loneliness: aversive state experienced when a discrepancy exists between the interpersonal relationships one wishes to have and those that one 

perceives they currently have. The perception that one's social relationships are not living up to some expectation (Heinrich & Gullone 2006). Isolation: the expression of solitary behavior 

that results from peer rejection (Rubin & burgess). Related to thwarted belongingness where the person perceives loneliness, isolation, and a failing to meet one's need to belong (Van 

Orden et al 2010). Examples: lonely; isolated

Depression: Low mood and sadness that does not go away after a few weeks. Examples: depression; sadness; low mood; melancholy

Gender identity: Gender identity refers to an individual's sense of their self as male, female, transgender, non-binary, genderfluid, agender, or something else. Gender identity is distinct 

from the cultural roles, behaviors, and attributes expected of women and men based on their sex assigned at birth. Sexual identity, also known as sexual orientation, refers to the pattern 

of romantic or sexual attraction to others. Common sexual identities include: heterosexual, homosexual, bisexual, pansexual, and asexual. Examples: gay; heterosexual; homosexual; 

lesbian; pansexual; bisexual; asexual; male; female; nonbinary; transgender; intersex; questioning

An eating disorder or body image issues: Eating disorders are mental health conditions characterized by unhealthy and obsessive behaviors related to food, eating, and body image. 

Common types include anorexia nervosa, bulimia nervosa, and binge-eating disorder. Examples: anorexia; bulimia; binge; purging; eating disorder

Substance use: Mentions of types of abused substances and related behaviors (snort), measures (8 ball), and states (high, buzz) Mentions of types of alcohol beverages and related 

behaviors (drinking), measures (shot), and states (drunk). Examples: cocaine; heroin; weed; cannabis; meth; amphetamine; snort; 8 ball; pain killer; opioid beer; cocktail; wine; hangover; 

drunk; buzz

Provide a probability score between 0 and 1 for each construct (0=construct is not mentioned, indirectly mentioned, or not clear, 1 = clear and prototypical mention of the construct) as to 

whether the text clearly mentions the construct and an explanation (words or phrases from the text that are very prototypical expressions of the construct). Only provide a score for these 

constructs.

Post: {document}

Structure your response in the following JSON format (no extra text):

{'construct_A': [[score], [words, phrases]], 'construct_B': [[score], [words, phrases]], ...}

JSON:

Output

{"Self harm or self injury": [1.0], ["harming a specific part of my body", "wanna harm"], "Anxiety": [0.3], ["don't want her to get mad at me"], …}

Figure 10: Prompt for zero-shot text classification using proprietary LLMs via an API. Prompt was changed for each
document. This elicits multi-label classification (scores do not add to 1).
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