

[image: image1]
Freely Generated Word Responses Analyzed With Artificial Intelligence Predict Self-Reported Symptoms of Depression, Anxiety, and Worry












	 
	ORIGINAL RESEARCH
published: 04 June 2021
doi: 10.3389/fpsyg.2021.602581





[image: image]

Freely Generated Word Responses Analyzed With Artificial Intelligence Predict Self-Reported Symptoms of Depression, Anxiety, and Worry

Katarina Kjell*, Per Johnsson and Sverker Sikström

Department of Psychology, Lund University, Lund, Sweden

Edited by:
Kim F. Nimon, University of Texas at Tyler, United States

Reviewed by:
Merylin Monaro, University of Padua, Italy
Jan Ketil Arnulf, BI Norwegian Business School, Norway

*Correspondence: Katarina Kjell, katarina.kjell@psy.lu.se

Specialty section: This article was submitted to Quantitative Psychology and Measurement, a section of the journal Frontiers in Psychology

Received: 03 September 2020
Accepted: 11 March 2021
Published: 04 June 2021

Citation: Kjell K, Johnsson P and Sikström S (2021) Freely Generated Word Responses Analyzed With Artificial Intelligence Predict Self-Reported Symptoms of Depression, Anxiety, and Worry. Front. Psychol. 12:602581. doi: 10.3389/fpsyg.2021.602581

Background: Question-based computational language assessments (QCLA) of mental health, based on self-reported and freely generated word responses and analyzed with artificial intelligence, is a potential complement to rating scales for identifying mental health issues. This study aimed to examine to what extent this method captures items related to the primary and secondary symptoms associated with Major Depressive Disorder (MDD) and Generalized Anxiety Disorder (GAD) described in the Diagnostic and Statistical Manual of Mental Disorders (DSM-5). We investigated whether the word responses that participants generated contained information of all, or some, of the criteria that define MDD and GAD using symptom-based rating scales that are commonly used in clinical research and practices.

Method: Participants (N = 411) described their mental health with freely generated words and rating scales relating to depression and worry/anxiety. Word responses were quantified and analyzed using natural language processing and machine learning.

Results: The QCLA correlated significantly with the individual items connected to the DSM-5 diagnostic criteria of MDD (PHQ-9; Pearson’s r = 0.30–0.60, p < 0.001) and GAD (GAD-7; Pearson’s r = 0.41–0.52, p < 0.001; PSWQ-8; Spearman’s r = 0.52–0.63, p < 0.001) for respective rating scales. Items measuring primary criteria (cognitive and emotional aspects) yielded higher predictability than secondary criteria (behavioral aspects).

Conclusion: Together these results suggest that QCLA may be able to complement rating scales in measuring mental health in clinical settings. The approach carries the potential to personalize assessments and contributes to the ongoing discussion regarding the diagnostic heterogeneity of depression.
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INTRODUCTION

Closed-ended rating scales are commonly used in clinical practice and research to assess the type and severity of mental health issues [e.g., the Patient Health Questionnaire-9 (PHQ-9); Kroenke et al., 2001, and the Generalised Anxiety Disorder Scale-7 (GAD-7); Spitzer et al., 2006]. These rating scales require the respondent to rate their agreement with predefined items designed to target the construct/disorder being measured.

Question-based computational language assessment (QCLA) is an alternative method to rating scales (Kjell et al., 2019). This method has an open-ended word-response format that allows the respondent to freely elaborate on their state of mind using descriptive words or texts that are analyzed using natural language processing and machine learning. Previous research shows that QCLA measures, describes, and differentiates well between psychological constructs (Kjell et al., 2019) when compared with the total score of rating scales specifically designed to capture the Diagnostic and Statistical Manual of Mental Disorders (DSM-5) criteria (American Psychological Association [APA], 2013). This study aimed to further investigate the QCLA method by examining to what extent it captures individual items related to the primary and secondary symptoms associated with mental health aspects described in the DSM using the PHQ-9 (Kroenke et al., 2001) and the GAD-7 (Spitzer et al., 2006). These rating scales are designed to target the DSM criteria for Major Depressive Disorder (MDD) and Generalized Anxiety Disorder (GAD; American Psychological Association [APA], 2013).


Computational Language Assessment

Computational language assessments have been used to predict and monitor depression on a population level using naturally occurring text on social media (e.g., Mowery et al., 2016). Posts on social media have also been used to predict further episodes of depression several months before onset using Twitter (De Choudhury et al., 2013; Reece et al., 2017) and Facebook (e.g., Eichstaedt et al., 2018). Eichstaedt et al. (2018) predicted depression as recorded in participants’ medical records using language from Facebook posts. They further predicted episodes of depression 3 months before they were documented in the medical records, suggesting that prediction models based on social media might be a useful complement in diagnostic screening procedures (Eichstaedt et al., 2018). However, less research has been done when it comes to QCLA where participants are asked about aspects of their mental health.



Question-Based Computational Language Assessment

Kjell et al. (2019) constructed QCLAs with the aim of measuring and describing mental health, including depression, worry, harmony in life, and satisfaction with life, and evidence suggests that this method quantifies constructs with similar or greater validity compared with traditional rating scales. For example, in two studies participants were asked to describe facial expressions from a validated database, and it was found that QCLAs accurately categorized significantly more facial expressions compared with rating scales. It was further demonstrated that QCLAs of subjective experience predict rating scales’ total score with correlations of r = 0.58 for the GAD-7, r = 0.59 for the PHQ-9, r = 0.72 for the Harmony in life scale, and r = 0.63 for the Satisfaction with life scale (p < 0.001 for all r-values; N = 477). In another study, it was demonstrated that the QCLA of harmony in life was significantly correlated with cooperative behavior (r = 0.18 for all participants and r = 0.35 for participants categorized as prosocial); whereas the corresponding rating scale of harmony in life (Kjell et al., 2021a) did not demonstrate a significant correlation (Kjell et al., 2021a).


The QCLA Method

The word or text responses generated from questions on QCLAs are suitable for statistical analyses based on the creation of high-dimensional word embeddings from a large language corpus. The QCLA method quantifies words, or texts, as a vector, i.e., the word embedding of word responses, and uses this word embedding to construct three types of measures: semantic similarity scales, language-trained scales, and language-predicted valence scales (Kjell et al., 2019).


Semantic similarity scale

The semantic similarity scale has the advantage of being able to measure a construct based on an empirically generated semantic definition of a construct. This is achieved by creating a word norm (a list of empirically derived words) that participants have generated to describe the construct being measured. The semantic similarity scale is measured by the semantic similarity (closeness) between the participants’ word responses and the targeted word norm. This procedure is carried out without any involvement of a rating scale.

Word norms may describe the two endpoints of a psychological construct e.g., “being depressed” or “not at all depressed” (Kjell et al., 2020). A unipolar semantic similarity scale is the semantic similarity between word responses and one word norm (e.g., depression responses and the being depressed word norm). A bipolar semantic similarity scale is the semantic similarity between the text generated from the to-be-measured questions and the similarity scores between the subtraction of two word norms (e.g., depression responses to the being depressed word norm minus the depression responses to the not at all being depressed word norm). Unipolar and bipolar semantic similarity scores for depression and worry have been found to correlate well with the total scores of rating scales, where bipolar scores correlate stronger than unipolar scores (Kjell et al., 2020).



Language-trained scale

The language-trained scale can be used to measure a construct using word or text data by linking it to well-established rating scales or other quantifiable markers related to the concept. For example, the word embedding generated by a word-response question about depression can be used to predict the rating scale score of the PHQ-9. This prediction can be done, for example, by using multiple linear regression or other machine learning methods, and the validity can be evaluated with cross-validation methods. The measure of accuracy of the cross-validated predictions is calculated by the correlation between the predicted and actual scores.



Language-predicted valence scale

It is possible to take a prediction model trained on one dataset and apply it to another dataset. Valence is an important dimension on which emotions can be described and identified (e.g., Bradley and Lang, 1999). Kjell et al. (2019) trained a valence model using the Affective Norms for English Words, where participants have rated the emotional valence ranging from unpleasant to pleasant of more than 1,000 words (ANEW; Bradley and Lang, 1999). The model was then used to predict the valence scores of word responses, where the predicted valence scores were found to be strongly correlated with rating scale scores.



Semantic Similarity Scales Versus Language-Trained Scales

A language-trained scale can be trained to estimate a rating scale. However, this scale is typically constructed with different items, where some items can be predicted with higher accuracy than other items. In contrast, semantic similarity scales rely on the agreement between how respondents answering the word-response questions and how respondents creating the word norm understand the construct being measured. Thus, there is a fundamental difference between these that we investigate further.



QCLA in the Clinical Setting

A response format where a person describes their mental health with their own words has many potential advantages in clinical practice. For example, it allows for patient-centered care because it focuses on the patient’s unique set of symptoms. Further, QCLA may add knowledge for a more patient-centered approach to routine outcome measures used in everyday clinical practice to monitor symptom severity and treatment effectiveness (e.g., see de Beurs et al., 2011; Washington and Lipstein, 2011). QCLA may also identify co-occurring symptoms that otherwise would have been undetected or may increase awareness of domains that are important to patients but that are not targeted, or captured, in rating scales.


Measuring Psychiatric Disorders Versus Subjective Well-Being

The open-ended nature of the QCLA method taps into an interesting difference between the measurement of psychiatric disorders versus subjective well-being. Assessments of psychiatric disorders (e.g., DSM-5, ICD-10) are strictly criteria driven, whereas measures of subjective well-being aim to be criteria free (e.g., Kesebir and Diener, 2008; Kjell and Diener, 2020). Corresponding to this, the open-ended word response format of word-response questions enables respondents to express themselves more freely than when responding to closed-ended rating scales. In contrast, diagnosing individuals with psychiatric disorders involves assessing whether individuals fulfill a specific set of diagnostic criteria stated in manuals such as the DSM-5 (American Psychological Association [APA], 2013). Hence, these approaches differ in whether it is the patients/clients or the professionals who specify the evaluation criteria. In subjective well-being measures, it is the respondent who is assumed to be best suited to judge their level of well-being (Kesebir and Diener, 2008); whereas for psychiatric disorders it is a trained researchers or mental health care professionals who define if someone meets the specified diagnostic criteria (American Psychological Association [APA], 2013). This difference makes it important to understand the word-responses’ relationship to individual rating scales’ items of criteria-based mental health disorders.



DSM Criteria

The DSM-5 categorizes the criteria into primary and secondary for both MDD and GAD. For an individual to be diagnosed with MDD, they have to meet one of the primary criteria and five in total (including the primary and secondary criteria). To be diagnosed with GAD an individual has to meet all of the primary criteria and at least three of the secondary criteria. The rating scales used in this study are explicitly designed to capture the symptoms and criteria outlined in the DSM (e.g., for depression this includes disabilities in areas such as sleep, concentration, and movement; Kroenke et al., 2001). On the other hand, the QCLA questions only focus on assessing the respondent’s own understanding of depression (e.g., Over the last 2 weeks, have you been depressed or not?) and does not explicitly probe about specific symptoms that respondents not explicitly report following the question about being depressed. Thus, indirect symptoms such as changes in sleep, concentration, or movements can, but do not necessarily need to be reported. Hence, it is important to understand to what extent the broad question currently used in QCLA also captures specific symptoms and to what extent it might be necessary to also ask respondents specific symptom-related word-response questions.


Major Depressive Disorder

The two primary DSM-5 criteria for MDD focus on the subjective experiences of depression (i.e., depressed mood and loss of interest), and the secondary criteria focus on related symptoms such as psychomotor agitation or retardation, diminished ability to concentrate, and weight loss/gain. Hence, the primary symptoms are arguably closer to how individuals primarily think about depression, whereas individuals might not directly associate the secondary criteria as strongly with being depressed.

Reviewing the PHQ-9 shows that the nine items capture each of the DSM-5 diagnostic criteria well (see Table 1). In contrast, the QCLA for depression captures individuals’ subjective experiences and their own understanding of depression, which potentially might be more related to the primary rather than the secondary criteria. That is, instructions for the QCLA for depression (and worry) are broad and generally stated: “Write descriptive words relating to those aspects that are most important and meaningful to you” (see the section “Materials and Methods” for full details; Kjell et al., 2019).


TABLE 1. DSM-5 diagnostic criteria for Major Depressive Disorder.

[image: Table 1]


Generalised Anxiety Disorder

The two primary DSM-5 criteria for GAD focus on the experience of excessive worry and having difficulties in controlling one’s worrying, whereas the secondary criteria mainly focus on related symptoms such as muscle tension, irritability, and fatigue. Also, as for MDD, it can be argued that individuals may focus on the primary, rather than the secondary criteria, when answering the broad word-response questions.

The GAD-7 is developed to capture the DSM-5 criteria for GAD, although the scale does not include items for all symptoms. In addition, it also includes items that are not part of the DSM-5 criteria (for details, see Table 2). In contrast, the Penn State Worry Questionnaire-Abbreviated, (PSWQ-8; Hopko et al., 2003) focuses more on worry than the GAD-7. All eight items in the PSWQ-8 include the construct worry (i.e., worries, worry, worrying, or worrier; see Table 2), whereas GAD-7 comprises two items with the word worrying and one with anxious. This abbreviated version of the original PSWQ (Meyer et al., 1990; Hopko et al., 2003) is a frequently used measure of worry without the reversed coded items. The PSWQ-8 assesses pathological worry with comparable validity and reliability as the full 16-item version (Wuthrich et al., 2014). As for depression, the word-response question for worry captures individuals’ subjective experiences and their own understanding of the construct.


TABLE 2. DSM-5 diagnostic criteria for Generalized Anxiety Disorder.
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Aims and Hypotheses

This study extends research by Kjell et al. (2019) in two central ways. First, it aims to examine to what extent the QCLA method captures aspects related to the primary and secondary symptoms associated with MDD and GAD as captured by the items of the corresponding rating scale. To test this, we mapped the word responses to the individual items in the rating scales. The choice of rating scales was motivated because these scales are designed to target the DSM criteria for MDD and GAD (American Psychological Association [APA], 2013). Second, with two rating scales targeting anxiety, the GAD-7 (Spitzer et al., 2006) and the PSWQ-8 (Hopko et al., 2003), we further examined QCLA’s ability to capture primary symptoms associated with GAD. These aims are divided into the following three hypotheses.


The Semantic Hypothesis

To further understand the relationship between word responses and rating scales, we examined the correlations to individual items using semantic similarity scales (unipolar and bipolar), language-trained scales, and language-predicted valence scales. We hypothesize that the word embeddings of the word answers significantly capture all items of the depression and worry rating scales through semantic similarity scales and the language-trained scales.



The Valence Hypothesis

Given that the word embeddings for worry and depression words predict the items in the rating scales for the corresponding construct, we further investigated what specific information in the word embeddings contribute to the correlation. Kjell et al. (2019) argued that rating scales are highly influenced by valence, potentially capturing a more general negative feeling for depression and anxiety. Thus, we hypothesize that language-predicted valence scores are correlated with each individual item and that they can explain a substantial part of the correlation between language-trained scales and observed scales.



Primary Over Secondary Criteria Hypothesis

Because the word-response questions focus on respondents’ experiences and understanding of a construct, it is important to examine to what extent they also capture the secondary symptoms of the diagnostic criteria for MDD as measured by the PHQ-9 and the GAD as measured by the GAD-7. Based on the relatively general nature of the word-response question (i.e., it does not ask for related symptoms/behaviors of MDD/GAD), we hypothesize that the word embeddings from depression and worry word responses yield stronger correlations to items capturing the primary over the secondary criteria. For example, we anticipate that the semantic similarity scales of depression correlate stronger to the PHQ-9 item about feeling down or depressed (Item 2) than the item about psychomotor agitation or retardation (Item 8).



MATERIALS AND METHODS


Participants

Mechanical Turk (MTurk1) was used to recruit participants. This platform enables participants to perform tasks, such as research studies, with an economic gain. MTurk has been used to study clinically relevant topics (Shapiro et al., 2013), with a prevalence of depression and anxiety corresponding to that of community samples [Shapiro et al., 2013; however, other studies suggest higher (Arditte et al., 2016) or lower levels (Veilleux et al., 2015)]. MTurk is generally more diverse than convenience samples such as student and community samples (Chandler and Shapiro, 2016). In our study, 455 respondents submitted their survey, and 44 (9.7%) were excluded from the analyses due to failure to answer the control items correctly (see section “Measures and Material” below). The final sample comprised 411 respondents (47% females, 53% males) ranging in age from 18 to 74 years (Mean = 36.2, SD = 11.2). Most participants were from the US (86%), followed by India (11%) and other countries (3%). Out of the 411 participants, 37% were above the cut-off point for MDD on the PHQ-9 (i.e., a score of 10 or higher), and 33% scored above the cut-off for GAD on the GAD-7 (i.e., a score of 10 or higher). These rates were higher than in the general population (Bromet et al., 2011). The participants’ reported average perceived personal financial situation was 4.57 (SD = 1.71) on a scale ranging from 1 = “Our income does not cover our needs, there are great difficulties” to 7 = “Our income covers our needs, we can save.” Participants were paid USD 1 to participate.



Measures and Material

The Word-Response Question of Depression (Kjell et al., 2019) involves asking Over the last 2 weeks, have you been depressed or not? coupled with the instructions to answer with their own descriptive words. The instructions furthermore asked participants to “weigh the strength and the number of words” to describe their worry, to focus on writing important and meaningful aspects, and to only write one word in each of the five empty response boxes. Participants were asked to generate five descriptive words.

The Word-Response Question of Worry (Kjell et al., 2019) is coupled with an adapted version of the instructions for the word-response question of depression by changing depression to worry. i.e., Over the last 2 weeks, have you been worried or not? and required five descriptive words as the response format.

The PHQ-9 (Kroenke et al., 2001) includes nine items such as Feeling down, depressed, or hopeless coupled with a closed-ended response format ranging from 0 = Not at all to 3 = Nearly every day. Participants are asked to consider the last 2 weeks. The PHQ-9 has been validated in primary care (Kroenke et al., 2001) and in the general population (Löwe et al., 2004; Martin et al., 2006; Stochl et al., 2020). Additionally, the PHQ-9 has demonstrated the ability to detect changes in response to treatment of various depressive disorders (Löwe et al., 2004). The scale demonstrated a McDonald’s ω of 0.94 and a Cronbach’s α of 0.92 in the current study.

The GAD-7 (Spitzer et al., 2006) includes seven items such as Worrying too much about different things coupled with the same closed-ended response format and timeframe as the PHQ-9. The GAD-7 has been validated in primary care settings (Spitzer et al., 2006) and in the general population (Löwe et al., 2008). Additionally, the GAD-7 has shown sensitivity to detect changes in patients receiving treatment for GAD (Dear et al., 2011). The scale demonstrated a McDonald’s ω of 0.95 and a Cronbach’s α of 0.93 in the current study.

The PSWQ-8 (Hopko et al., 2003) is an abbreviated version of the PSWQ (Meyer et al., 1990) and encompasses items such as My worries overwhelm me, with a closed-ended scale ranging from 0 = Not at all typical of me to 5 = Very typical of me. In contrast to the full 16-item version, the PSWQ-8 does not include any reverse-coded items. The PSWQ-8 has been validated in a sample of younger (Crittendon and Hopko, 2006) and older (Hopko et al., 2003) adults and a clinical sample of adults (Kertz et al., 2014). The scale yielded a McDonald’s ω of 0.97 and a Cronbach’s α of 0.96 in the current study.

Control items were randomly presented within the PHQ-9 and the GAD-7, including On this question please answer the alternative ‘Several days,’ On this question please answer the alternative ‘More than half the days,’ and On this question please answer the alternative ‘Not at all.’ Respondents who failed to answer all control items (in total two per participant) correctly were excluded from the analyses. Importantly, attention control items have been found to increase the statistical reliability of the data (e.g., see Oppenheimer et al., 2009; for the use of similar control items see Kjell et al., 2021a).

The demographic survey included questions regarding age, gender, country of origin, first language, and their perception of their household income. When asked about gender, participants were offered three alternatives: male, female, and other. Perceived financial situation was measured by asking, “Does the total income of your household allow you to cover your needs?” with the responses ranging from 1 = “Our income does not cover our needs, there are great difficulties,” to 7 = “Our income covers our needs, we can save.”

The Word Norm for Depression (Kjell et al., 2019) includes 1,172 words describing being depressed generated by asking 110 participants to describe their “view of being depressed” with 10 words. When constructing the word norm, the targeted word “depression” was also added, so it is the most frequently occurring word by 1 in the norm.

The Word Norm for Worry (Kjell et al., 2019) includes 1,036 words describing being depressed generated by asking 104 participants to describe their “view of being worried” with 10 words. When constructing the norm, the targeted word “worry” was added, so it is the most frequently occurring word by 1 in the norm.

The Word Norm for Not at all Depressed (Kjell et al., 2020) includes 1,125 words generated by 115 participants describing their “view of being not at all depressed.”

The Word Norm for Not at all Worried (Kjell et al., 2020) includes 938 words generated by 97 participants describing their “view of being not at all worried.”

The language-predicted valence scores were based on a model constructed from the ANEW (Bradley and Lang, 1999), which is a list of more than 1,000 words such as “cat” and “kindness” coupled with participant-rated valence scores ranging from unpleasant to pleasant. The model was created by training the word embeddings for the words in the ANEW list to their corresponding valence score, e.g., cat (M = 4.38, SD = 2.24). Using cross-validation leave-k-out (described below in more detail) produced a strong correlation between predicted and actual valence ratings (r = 0.74, p < 0.001, N = 1031 words). This computational model was applied to the word embeddings from the word-response questions in this study to estimate a language-predicted valence score.



Procedure

Participants were informed that the study comprised questions regarding their mental health, including aspects such as depression and worry/anxiety and that they should answer with both descriptive words and rating scales. They were presented with the consent form that included details about how to receive more information, that their responses were recorded anonymously, and that they had the right to withdraw from the study at any time. The study started with the word-response questions presented in random order; followed by the corresponding rating scales in random order. The word-response questions were presented first to avoid the wordings of the rating-scale items from influencing the word responses. Lastly, the participants were asked to fill out the brief demographic survey. In the end, the participants were debriefed. The completion time was on average 10 min and 5 s. According to Swedish law, the National Ethics Committee (protocol number 2020-00730) reviewed the study and decided that it did not require ethical approval.



Statistical Analyses


Natural Language Processing and Machine Learning

The QCLA approach encompasses various techniques to analyze word and text responses in relation to numeric rating scales (see Kjell et al., 2019). These techniques include natural language processing, machine learning, and statistics.


Word embeddings

To represent words with numbers, we used a semantic space from Semantic Excel2 (Sikström et al., 2018). This space, referred to as English 1, was created using an approach akin to latent semantic analysis, where a word co-occurrence table is generated, and the semantic space is produced by applying a data compression algorithm (i.e., SVD) on this table. Technical details on this can be found in Kjell et al. (2019), but see also Landauer and Dumais (1997). This space is generated from the English corpus Google 5-gram database consisting of 1.7 ∗ 109 words (Version 201207013). The generated space consists of the 120,000 most common words in the corpus where each word is represented by a vector consisting of 512 numbers describing how the words in the semantic space are semantically related to each other. This representation is referred to as a word embedding.



Responses

Participants’ responses were cleaned by changing the word spellings to American English using MS Word, and misspelled words were corrected in those cases where the meaning was clear. The word embeddings for the five words generated by each participant for a given word-response question were aggregated by taking the mean across the dimensions, so these words are represented by one word embedding that captures the meaning of the five words taken together in 512 dimensions.



Semantic similarity

A word embedding describes how a word, or set of words, in the semantic space is positioned in relation to all the other words. The closer two words are positioned, the more semantically similar they are. The semantic similarity between two words (or two sets of words) is computed as the cosine of the angle between the two word embeddings in the semantic space. The semantic similarity scores are mathematically bounded between –1 and +1, but in practice they tend to range between a value around 0 (for unrelated words) and a value significantly less than 1, where a higher value indicates higher semantic similarity.



Language training and prediction

The dimensions of the word embeddings may be used as predictors in a multiple regression to predict a numeric variable such as a rating scale. In multiple regression (i.e.,[image: image]), y is the observed variable (e.g., the rating scale score), x is the word embedding including several dimensions (i.e., x1,x2, etc.), βm is the coefficient, β0 the intercept/constant, and ε the error term. For the machine learning implementation, we used the default settings in the text-package (version 0.9.10 from CRAN; Kjell et al., 2021b), which involves using ridge regression (Hoerl and Kennard, 1970) with a penalty search grid ranging from 10–16 to 1016 and a sequence of times 10. The penalty hyperparameter was tuned using 10-fold cross-validation, where the training set was further divided into an analysis (75%) and assessment (25%) set (see Kjell et al., 2021b). This cross-validation procedure enables a determination of the accuracy of the prediction. Here the predicted value (y∧) is correlated with the empirical value (y, i.e. the rating scale score), and the correlation coefficient (r) is the measure of accuracy.



Supervised dimension projection plot

The supervised dimension projection (SDP) plot from the text-package was used to visualize the word responses. The SDP plots words according to a dimension created by comparing two groups of words (e.g., depression versus worry responses or a quartile split on low versus high scorers on the PHQ-9). In short, the dimension is created by first aggregating all the word embeddings of all words in each group and then subtracting the two aggregated word embeddings to create the aggregated direction embedding that is seen to make up a line (dimension) running through origo. Subsequently, individual words’ embeddings are first positioned in relation to the mean word embedding of all words (i.e., their word embeddings are subtracted with this embedding) and then projected onto the dimension using the dot product. The p-value for each dot product score is computed using a permutation procedure (the default settings in text versions.9.10 were used; for more details see Kjell et al., 2021b).



Statistical Software and Packages

The analyses were carried out in R (R Core Team, 2020), where the word-related analyses were carried out using the text package (Kjell et al., 2020). Other analyses included using tidyverse (Wickham et al., 2019), psych (Revelle, 2017), and Hmisc (Harrell, 2017).



Interpreting Statistics: Statistical Cut-Off Points

To interpret the internal reliability of the rating scales as good, we used 0.70 as the cut-off for Cronbach’s α and McDonald’s ω. To interpret the correlation strengths, we used Cohen’s (1988) conventions of 0.10, 0.30, and 0.50 for a small/weak, moderate, and large/strong correlation, respectively. Alpha was set to 0.05. The sample size was based on the finding by Kjell et al. (2019) that between 256 and 477 yields correlations to aggregated rating scales that correlate above 0.50 (i.e., r > 0.5), which is sufficiently high for evaluating the hypotheses in this article (i.e., the aim here was not to maximize the accuracy but rather to understand the models).



RESULTS


Descriptive Statistics

Descriptive statistics are presented in Table 3. The GAD-7 and the PHQ-9 yielded a positive skew and deviated from a normal distribution, whereas the PSWQ-8 demonstrated a normal distribution. Therefore, Spearman rho was applied for the GAD-7 and the PHQ-9 and Pearson’s r was applied for the PSWQ-8. The correlations among the total scores of the included measures are presented in Table 4. Figures 1A,B show participants’ word responses using SDP plots.


TABLE 3. Mean, standard deviation, range, skew, and kurtosis for rating and semantic scales.
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TABLE 4. Correlations among measures.

[image: Table 4]
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FIGURE 1. (A,B) Words that participants used for describing their depression and worry. The x-axes represent words differentiating between depression (left) and worry (right), and the y-axes represent the PHQ-9 total score for plot A and the GAD-7 total score for plot B. The colored words represent significant words when correcting for multiple comparisons using the false discovery rate (FDR). More frequent words are plotted with larger font size.




Item Level Analyses of Depression and the PHQ-9


The Semantic Hypothesis

All correlations between the depression bipolar scale and the individual items composing the PHQ-9 were significant and varied from moderate to strong in correlational strengths (Table 5; bipolar:ρ = 0.31–0.61). In comparison to the bipolar scale, the unipolar scale showed lower correlations to individual items (ρ = 0.11–0.31), with non-significant correlations for Item 8 (moving patterns) and Item 9 (self-harm).


TABLE 5. Spearman’s rho correlations between total and individual PHQ-9 items for the unipolar (high) and bipolar semantic similarity scales for depression.

[image: Table 5]The results for language-trained PHQ scales were similar to the findings for semantic similarity scales. Training the responses for the word-response question of depression to the individual items composing the PHQ-9 yielded significant correlations ranging from weak to strong (ρ = 0.30–0.60; p < 0.001; see Table 6).


TABLE 6. The mean and standard deviation for the PHQ-9 and its individual items and their correlations to the language-trained scale and the language-predicted valence scale from the depression word responses.

[image: Table 6]


The Valence Hypothesis

The word responses’ language-predicted valence scale also correlated significantly with each PHQ-9 item (ρ = –0.30 to –0.57, p < 0.001). Absolute values for individual items except for Items 3 and 8 were stronger for the language-trained scales compared with the language-predicted valence scale. Controlling for valence reduced the language-trained item level correlations substantially from mean ρ = 0.47 (range:ρ = 0.30–0.60) to mean ρ = 0.22 (range: ρ = 0.12–0.29, see Table 6).



The Primary Over Secondary Criteria Hypothesis

The highest correlation for both the unipolar and the bipolar scale was to the item tapping into feeling down and depressed (Item 2). The lowest correlation for the unipolar scale was to the item targeting concentration difficulties (Item 7). The lowest corelations for the bipolar scale were to moving patterns (Item 8) and self-harm (Item 9). Changes in moving pattern (Item 8) and thoughts about being better off dead and self-harm (Item 9) were significant for the bipolar semantic similarity scale but not for the unipolar semantic similarity scale. The strongest correlations for both language-trained scales and language-predicted valence scales were to an item tapping into the emotional experience of depression (i.e., feeling down; ρ = 0.60 and –0.57, respectively). The lower correlations for both language-trained scales and language-predicted valence scales tended to be to behaviors relating to depression; for example, see Item 8 (moving pattern;ρ = 0.30 and –0.30, respectively) and Item 9 (self-harm;ρ = 0.38 and –0.34, respectively).



Item Level Analyses of Worry and the GAD-7 and the PSWQ-8


The Semantic Hypothesis

All correlations of the worry unipolar and bipolar scales to each of the individual items composing the GAD-7 were significant and ranged from weak to strong (Table 7; unipolar:ρ = 0.16–0.32; bipolar:ρ = 0.32–0.50). All items composing the PSWQ-8 also correlated significantly with the worry unipolar and bipolar scales (Table 8; unipolar r = 0.26–0.34; bipolar: r = 0.52–0.61).


TABLE 7. Spearman’s rho correlations between total and individual GAD-7 items and the unipolar (high) and bipolar semantic similarity scales for worry.

[image: Table 7]
TABLE 8. Pearson correlations between total and individual PSWQ-8 items the unipolar (high) and bipolar semantic similarity scales for worry.

[image: Table 8]The results from training the worry word responses to the individual items of the GAD-7 showed overall moderate correlations ranging from ρ = 0.41 to 0.52 (p < 0.001; see Table 9), and training to the items composing the PSWQ-8 resulted in moderate correlations ranging from r = 0.52 to 0.63 (p < 0.001; see Table 10).


TABLE 9. The mean and standard deviation for the GAD-7 and its individual items and their correlations to the language-trained scale and the language-predicted valence scale from the worry word responses.
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TABLE 10. The mean and standard deviation for the PSWQ-8 and its individual items and their correlations to the language-trained scale and the language-predicted valence scale from the worry word responses.

[image: Table 10]


The Valence Hypothesis

The language-predicted valence scale from the worry responses also showed significant correlations to each of the individual items of the GAD-7 (r = –0.31 to –0.50) and the PSWQ-8 items (r = –0.42 to r = –0.55, p < 0.001). Controlling for valence using partial correlation reduced the language-trained item level correlations substantially for GAD-7 [mean ρ = 0.46 (range ρ = 0.41–0.52) to meanρ = 0.23 (range ρ = 0.19 –0.31)] and for PSWQ-8 [mean r = 0.58 (range r = 0.52–0.59) to mean r = 0.38 (range r = 0.37–0.40)].



Primary Over Secondary Criteria Hypothesis

The highest correlations for both the unipolar and the bipolar scales were to the GAD-7 item representing the primary criterion about feeling anxious and on edge (Item 1) followed by the items about worrying too much about different things (Item 3) and worry not being able to stop or control worrying (Item 2). The lowest correlation was to the GAD-7 item tapping into the secondary criterion regarding difficulties sitting still (Item 5; i.e., a behavior).

For the PSWQ-8, all eight items demonstrated similar strengths (which were comparable in magnitude to the strongest items in the GAD-7). This consistency in strength and the comparably strong correlation make sense considering that all items are quite similar, tapping into the primary criterion of excessive worrying with different forms of the word “worry.” The highest correlation for both the unipolar and bipolar worry scale was in relation to Item 8, which targets the general tendency to worry.

In terms of the language-trained GAD-7 and language-predicted valence scales, the strongest correlations were to the item tapping into experiencing worry in different areas in life (ρ = 0.50 and –0.50 for the language-trained scales and the language-predicted valence scale, respectively). The lowest correlation was to items representing the secondary criteria about trouble relaxing (Item 4, ρ = 0.41 and –0.39) and being so restless that one finds it difficult to sit still (Item 5, ρ = 0.42 and –0.31), which can be seen as a related behavior to the experience of worry.



DISCUSSION


The Semantic Hypothesis

We examined the relationship between word responses and rating scales by correlating the individual items of the respective rating scales with language-trained scales and semantic similarity scales (unipolar and bipolar). The semantic hypothesis was supported for the language-trained scales and the bipolar semantic similarity scales for the PHQ-9, the GAD-7, and the PSWQ-8. The unipolar semantic similarity scales correlated significantly for the GAD-7 and the PSWQ-8 items, but not for all items of the PHQ-9. Overall, these findings suggest that word embeddings capture the diagnostics criteria for MDD and GAD as measured by two of three QCLAs.



The Valence Hypothesis

In accordance with the valence hypothesis, the language-predicted valence scales correlated significantly with each of the items composing the PHQ-9, the GAD-7, and the PSWQ-8. The language predicted valence scale overall tended to show comparable correlations to all items comprising the PHQ-9, equal or lower correlations to the GAD-7 and the PSWQ-8 items as compared with the language trained scales. A large part of the language-trained correlation was accounted for by the language-predicted valence scales; however, a significant portion of the correlation remained for all items. The results suggest that valence is a potentially strong contributor carrying a large part of the information for predicting rating scale items.



The Primary Over Secondary Criteria Hypothesis

The hypothesis that the QCLA word-response would capture the primary criteria – i.e., the subjective experiences (such as thoughts and feelings) – better than secondary criteria (often more behavioral aspects) was supported. For the depression semantic similarity scales, the strongest correlation was to an item about feeling tired and having little energy. For the language-trained scales for depression, the strongest correlation was to the item tapping into feeling depressed, down, and hopeless, whereas the weakest correlations for both the language-trained scale and the semantic similarity scale for depression were to the items about related behavioral symptoms, including having trouble concentrating (Item 7), moving slowly or being fidgety (Item 8), and thoughts about being better off dead or self-harming (Item 9).

Further, it appears that the semantic similarity scales for worry primarily corresponded to the aspects of the rating scales that capture the primary criteria and the subjective experiences and understandings of worry, and less so the secondary criteria (especially the related behaviors). That is, the unipolar and bipolar scales correlated strongest to the GAD-7 items about feeling anxious and worry (Items 1–3) and less strongly to items tapping into related behaviors such as not being able to sit still (Item 5). The semantic similarity scale for worry captures all the items in the PSWQ-8 to a similar degree, which could be explained by all of the items directly asking about worry, worrying, worries, or being a worrier.

Overall, these results support the primary over secondary criteria hypothesis that the QCLA correlates stronger with items tapping into the cognitive experience of worry rather than with related behaviors. Thus, the QCLA appears to primarily capture the subjective experience of MDD and GAD, whereas when related behaviors appear to be captured they are covered less well. This is noteworthy from a clinical perspective and suggests that future studies are warranted to test specific word-response questions or word norms to capture behavioral aspects of the DSM-5 criteria for MDD and GAD. These findings suggest that future research should also consider developing word-response questions and/or word norms that more accurately capture secondary symptoms. For example, to measure the related behavior of self-harm, one could develop a word-response question that explicitly asks individuals to describe whether they self-harm or not, or alternatively creating a word norm comprising words related to self-harm and applying it to the word responses of the question on depression.



Potential for Clinical Significance

The QCLA method allows participants to directly express and describe their experiences freely. In addition, the QCLA method does not prime patients with symptoms that the patient does not necessarily have or that are irrelevant for the patient. Thus, QCLA may have the potential to add value to clinical research and practices by complementing traditional rating scales and enhancing our understanding of patients’ experiences.

Research suggests that rating scales of depression tend to fail in reliably capturing the disorder across scales and that the scales miss important symptoms. For example, a literature review points out that seven commonly used rating scales for depression do not necessarily measure the same disorder because these scales include items that are aimed to measure a wide range of different symptoms (Van Loo et al., 2012; Fried, 2017). From this it follows that constructs do not generalize across scales that are aimed to measure the same disorder. Furthermore, to identify symptoms related to depression that matter for patients, Chevance et al. (2020) asked participants to describe “the most difficult aspect of depression to live with or endure?”. They found that the most frequently mentioned symptom was “mental pain,” which is missing in the DSM-5 criteria and in the closed-ended rating scale for depression used in this study. Importantly, the QCLA method offers an opportunity to examine the presence of symptoms beyond primary and secondary criteria (e.g., note that painful is one of the descriptive words related to high depression and depression responses in Figure 1A and that pain is related to both high PHQ-9 and GAD-7 in Figures 1A,B).


Semantic Similarity and Valence

In clinical settings, the language-predicted valence scales may potentially complement the semantic similarity scales in important ways. Language-predicted valence scores could be used to signal that further investigations are required even though the semantic similarity score is low (i.e., outside established cut-off points). That is, when answering a word-response question a person may use words that are comparably distant from the targeted word norm, but that from a mental health perspective warrant further investigation. In the cases where words have a negative valence, the language-predicted valence scale may be used to alert further attention. For example, to the word-response question for worry a patient may answer something that is semantically relatively far away from the worry word norm because it is related to, for example, depression; however, alarming words will often have a negative valence. Hence, if word responses have a low semantic similarity but a high negative valence score, this signals that the respondent’s answer should be investigated more closely and that another set of word-response questions may be needed.



Language Models and Objective Measures

We argue that language-trained scales are valuable when investigating the relationship between word-responses and numerical rating scales. In clinical settings, language-trained scales and predictions will potentially be very important given that they can be trained and used to predict objective measures and outcomes rather than self-reported numerical rating scales. That is, word responses may be trained to actual behavior such as sick leaves, number of suicide attempts, or information obtained from smartphone apps including quality of sleep, walking speed, etc. [e.g., see Miller (2012) for ways to collect data with smartphones]. These language-trained models can potentially be used to investigate the relationship between word responses and the objective measure as well as to predict future respondents’ behaviors with the possibility to tailor treatment interventions.



Limitations

It is important to note that this study used individual items to examine the degree that QCLAs capture symptoms; hence, future research could use specific assessments (rather than just one item) and/or objective measures (e.g., of sleep) to examine this further. Future studies could also examine potential benefits from using recent language models that can take word order (i.e., context) into account (e.g., Devlin et al., 2019), which is an improvement by analyzing descriptive texts as compared to descriptive words (Kjell et al., in progress).

MTurk is an efficient way to collect data from individuals with a wide range of backgrounds. It should be noted that generalization from MTurk should be made carefully; however, previous MTurk studies have been shown to be more representative compared with other samples commonly used in clinical research (e.g., Chandler and Shapiro, 2016). Lastly, this study did not collect data that allows for analysis of attrition (i.e., only data where participants completed the entire survey was collected), which further emphasizes the importance of being careful when generalizing the results.



CONCLUSION

The QCLAs (i.e., unipolar, bipolar, language trained, and language-predicted valence scales) cover all aspects of the rating scale items that are designed to cover the primary DSM criteria as measured by rating scales, although with strengths varying from weak to strong. The QCLAs appear specifically suited to capture an individual’s cognitive and emotional experiences of depression, worry, and anxiety. Overall, they also capture the secondary criteria (generally including more behaviors and physiological symptoms) related to these experiences as measured by the rating scales. We believe that the QCLAs could be of great importance for clinical research and practice, where word-responses are coupled with objectively measured outcomes. Further, because the QCLA method is based on the respondent’s own descriptions of their experiences and symptoms related to a construct, the method carries the potential to personalize assessments, which might contribute to the ongoing discussion regarding the diagnostic heterogeneity of depression.
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PSWQ-8 2501 9.87 3200 -0.30 —-1.07
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Language-trained GAD-7 736 3.04 1513 —-1.03 0.29
Language-trained PSWQ-8 25,03 591 2486 —-1.13 0.13
Predicted valence of dep. words 521 1.44 5.78 0.19 —1.16
Predicted valence of wor. words 5.04 1.28 5.82 0.26 —1.09

PHQ-9, Patient Health Questionnaire-9;, GAD-7, General Anxiety Disorder Scale-
7, PSWQ-8, Penn State Worry Questionnaire Abbreviated; SSS, The Semantic
Similarity Scale; Bipolar, the semantic similarity of the high norm minus the semantic
similarity of the low norm.; Unipolar, the semantic similarity between semantic
responses and a high (or low) word norm.; dep., depression; wor., worry.
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(1) PHQ-9*

(2) GAD-7* 0.86"*

(3) PSWQ-8 0.69* 0.81*

(4) Dw: Bipolar 0.60* 0.63** 0.51

(5) Ww: Bipolar 0.44 0.50* 0.54 0.65*

(6) Dw: Unipolar H 0.24*** 0.22*** 0.23"* 0.64* 0.40

(7) Ww: Unipolar H 028 0.28™* 0.31 0.38* 0.81 0.49

(8) Dw: Valence —0.57* —0.49* —0.45" —-0.87* —-0.51 —0.58"* —0.37

(9) Ww: Valence —0.47 —0.50"* —0.49" —0.56"* —-0.81* —0.36"* —0.63" 052

**Indicates p < 0.001.

*For PHQ-9 and GAD-7 we used Spearman’s rho.

PHQ-9, Patient Health Questionnaire-9; GAD-7, General Anxiety Disorder Scale-7; PSWQ-8, Penn State Worry Questionnaire Abbreviated,; Dw, depression words; Ww,
worry words; Bipolar, bipolar semantic similarity scale; Unipolar, unipolar semantic similarity scale; H, High, Valence, language-predicted scale ANEW valence.

Rows 1-7 of this correlation table are also presented in Kjell et al. (2020).
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PHQ-9 M SD Item total Unipolar Bipolar SSS

correlation SSS depression
depression

Total 8.41 6.69 0.24*** 0.60***

Iltem 1 (iittle interest)  0.95 0.96 0.77* 0.20"** 0.53™*

Item 2 (feeling 1.01  0.99 0.80*** 0.27*** 0.61***

down)

Item 3 (disrupted 1.16  1.02 067 0.26"** 0.49*

sleep)

Item 4 (iittle energy)  1.26  0.99 g2 0.31™* 0.55™*

Item 5 (changed 0.91 1.00 0.74*** 0.23*** 0.50***

food habits)

Item 6 (failure) 1.03 1.03 0.78"** 0.16** 0.50***

Iltem 7 (no 0.93 1.02 0.77 0.11% 0.44*

concentration)

Item 8 (slow or 0.8 0.87 0.62*** 0.08 0.31***

restless)

Item 9 (self-harm) 0.58 0.93 0.68"** 0.5 31+

N=411.

*Indicates p < 0.05; *indicates p < 0.01; **indicates p < 0.001.
M and SD are the mean and standard deviation, respectively.
PHQ-9, Patient Health Questionaire-9; SSS, Semantic Similarity Scale.
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PHQ-9 items M

PHQ-9 total 8.41
Iltem 1 (little interest)  0.95
Item 2 (feeling 1.01
down)

Item 3 (disturbed 1.16
sleep)

ltem 4 (ittle energy)  1.26

Iltem 5 (changed 0.91
food habits)

Item 6 (failure) 1.038
Item 7 (no 0.93
concentration)

Item 8 (slow or 0.58
restless)

Item 9 (self-harm) 0.58

N=411.

SD

6.96
0.96
0.99

1.02

0.99
1.00

1.08
1.02

0.87

0.93

Language-

trained
PHQ

0.60"
0.64"*
0.60*

0.44

0.61™*
0.47

0.50"*
0.45*

0.30"*

0.38"*

Language-
predicted
valence

057"
_0.50"*
Q.57

_0.46"*

_0.50"*
_0.44"*

_0.49"*
_0.40"*

_0.30*

_0.34"*

*Indicates p < 0.05; *indicates p < 0.01; **indicates p < 0.001.
Spearman’s rho, using Holms correction for multiple comparison. M and SD are the
mean and standard deviation, respectively; PHQ-9, Patient Health Questionnaire-
9, with item numbers corresponding to the order in Kroenke et al. (2001).
Partial correlation controlling for valence = Partialling out the language-predicted
valance between the correlation of the language-trained PHQ score and the

observed PHQ score.

Partial
correlation
controlling
for valence

0.09"*
0.09"*
0.28"*

0.12x

0.21"*
0.23™*

0.3+
0.06"*

0.15™

0.0
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GAD-7 M SD Item total Unipolar Bipolar SSS

correlation SSS Worry Worry
for GAD-7
Total 737 584 — 0.28*** 0.50™*
ltem 1 (anxious,on  1.13  0.97 0.88*** 0.32" 0.50™*
edge)
Item 2 (cannot 1.09 1.03 0.90%* 0.26% 0.47+*
control worrying)
Item 3 (worrying 115  1.00 0.90*** 0272 0.47+
about different
things)
Item 4 (trouble 114 1.00 0.86*** 0.21*** 0.41**
relaxing)
Item 5 0.84 0.96 0.79*** 0.16** 0.32%**
(restlessness, hard
to sit still)
Item 6 (annoyed, 1.05 094 0.78"* 0.24** 0.42*
irritable)
ltem 7 (afraid) 0.97 0.99 0.85"** 0.21*** 0.41**
N=411.

**Indicates p < 0.01; ***indicates p < 0.001.

M and SD are the mean and standard deviation, respectively.

GAD-7, Generalised Anxiety Disorder Scale-7; SSS, Semantic Similarity Scale; item
numbers correspond to the order in Spitzer et al. (2006).
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PSWQ-8 items M SD Item total Unipolar Bipolar SSS

correlation SSS Worry Worry
Total 25.01 987 0.33"* 0.6
Item 1 (worries 296 1.39 0.87* 0.27™* 0.58™*
overwhelming)
Item 2 (situations 3.15 1.38 0.91™ 0.28™* .55
worry)
Item 3 (worry 324 1.41 0.89"* 0.30™ 0.60™**
different things)
Item 4 (pressure, 3.39 1.32 0.86™* 0.31™ 0.55™*
worry)
Item 5 (always 3.03 1.43 0.93™* 0.30™* 0.57**
worrying)
Item 6 (after task, 296 1.36 0.85"* 0.28"* 0.54*
worry about new)
Item 7 (worrier all 3.08 1.47 0.85™* 0.26™* 0.52"*
my life)
ltem 8 (worrying 3.21 138 0.87* 0.33"* 0.53™*
about things)
N=411.

**Indicates p < 0.001.

M and SD are the mean and standard deviation, respectively.

PSWQ-8, Penn State Worry Questionnaire Abbreviated; SSS, Semantic Similarity
Scale; item numbers correspond to the order in Crittendon and Hopko (2006).
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GAD-7 items

GAD-7 total

Iltem 1 (anxious, on
edge)

Item 2 (excessive
worrying)

Item 3 (different
areas of worry)

Iltem 4 (trouble
relaxing)

ltem 5
(restlessness)

Item 6 (annoyed,
irritable)

Iltem 7 (afraid)

N=411.

**Indicates p < 0.001.

.87
1.13

1.09

0.84

1.06

0.97

SD

5.84
0.97

1.03

1.00

1.00

0.96

0.94

0.99

Language-

trained
GAD

—
0.49"

050+

0.50"*

0.417*

0.40%%

0.42"*

0.45"

Language-
predicted
valence

Ty
gy

_0.49"*

_0.50"*

_0.39"+

~0.31"

_0.40"*

—0.44"*

Partial
correlation
controlling
for valence

0.29%*
0.24™*

0.25"*

019"

0.21

0.31%

0.20"*

0.3+

Spearman’s rho, using Holms correction for multiple comparison. M and SD are
the mean and standard deviation, respectively.
Ww, worry words, GAD-7, Generalised Anxiety Disorder Scale-7, item numbers
correspond to the order in Spitzer et al. (2006). Partial correlation controlling for
valence = Partialling out the language-predicted valance between the correlation of
language-trained GAD-7 score and observed GAD score.





OPS/images/cover.jpg
, frontiers
in Psychology

Freely Generated Word Responses

Analyzed With Artificial Intelligence

Predict Self-Reported Symptoms of
Depression, Anxiety, and Worry







OPS/images/fpsyg-12-602581-t010.jpg
PSWQ-8 items M SD Language- Language- Partial
trained predicted correlation
PSWQ-8 valence controlling

for valence

PSWQ-8 total 25.01 0.87 0.66™** —0.54*** 0.46***

Item 1 (worries are 0.97 0.97 0.59"** —0.49* 0.39***

overwhelming)

Item 2 (worrying 3.15 1.38 0.56%* —0.45"** 0.39

about situations)

Item 3 (worrying 324 1.41 0.61™* —0.51*** 0.40"**

about different

things)

Item 4 (pressure, 3.39 1.32 0.56™* —0.46"** 0.37***

worry)

Item 5 (always 3.03 1.43 0.59"** —0.49"** 0.39***

worrying)

Item 6 (after 296 1.36 0.56™* —0.45** 0.38***

completing a task,

worrying about the

next one)

Item 7 (worrier all 3.08 1.47 0.52% —0.42** 0.34**

my life)

Item 8 (worrying 321 1.38 0.63"** —0.565** 0.39"

about things)

N=411.

**Indicates p < 0.001.
Pearson correlation, using Holms correction for multiple comparison. M and SD are
the mean and standard deviation, respectively.
Ww, worry words; PSWQ-8, Penn State Worry Questionnaire Abbreviated, with
item numbers corresponding to the order in Crittendon and Hopko (2006);
Partial correlation controlling for valence = Partialling out the language predicted
valance between the correlation of the language-trained PSWQ score and the
observed PSWQ score.
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DSM-5 criteria

Five or more symptoms
including depressed
mood and/or loss of
interest or pleasure,
during a 2-week period.
Depressed mood (e.g.,
feels sad, empty,
hopeless, tearful).
Markedly diminished
interest or pleasure.

Weight loss when not
dieting or weight gain.
Insomnia or
hypersomnia.

Psychomotor agitation
or retardation
(observable by others).

Fatigue or loss of
energy.

“Feeling worthless or
excessive, delusional or
inappropriate guilt.

Fogginess, being
unfocused, or
indecisive.

Thought about harming
yourself or suicide.

Primary

PHQ-9 items

Item 2. Feeling down,
depressed, or
hopeless.

Item 1. Little interest or
pleasure in doing
things.

Item 5. Poor appetite or
overeating.

Item 3. Trouble falling or
staying asleep, or
sleeping too much.
Item 8. Moving or
speaking so slowly that
other people could
have noticed? Or the
opposite—being so
fidgety or restless that
you have been moving
around a lot more than
usual.

Item 4. Feeling tired or
having little energy.
Item 6. Feeling bad
about yourself—or that
you are a failure or have
let yourself or your
family down.

Item 7. Trouble
concentrating on
things, such as reading
the newspaper or
watching television.
Item 9. Thoughts that
you would be better off
dead or of hurting
yourself in some way.

PHQ-9: Patient Health Questionnaire 9 (Kroenke et al., 2001).
DSM-5: Diagnostic and Statistical Manual of Mental Disorders.
Primary symptoms are marked with Y.
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DSM-5 criteria

Excessive anxiety
and worry, for at
least 6 months,
about a number of
events or activities.
Difficulties in
controlling the
Worry.

Three (or more) of
the following six
symptoms:

(1) Restlessness,
feeling keyed up or
on edge.

(2) Being easily
fatigued.

(3) Difficulty
concentrating or
mind going blank.
(4) Irritability.

(5) Muscle tension.
(6) Sleep
disturbance.

- Felling afraid is
not included in the
criteria for

Generalized Anxiety

Disorder 300.02
(F41.1)

Primary GAD-7 items

Y

Item 3. Worrying too
much about different
things.

Item 2. Not being able
to stop or control
worrying.

Item 1. Feeling nervous,
anxious, or on edge.
Item 5. Being so
restless that it’s hard to
sit still

Not represented by any
item.

Not represented by any
item.

Item 6. Becoming easily
annoyed or irritable.

Itemm 4. Trouble relaxing.

Item 7. Feeling afraid as
if something awful
might happen.

PSWQ-8 items

Item 2. Many situations
make me worry.

Item 4. When | am
under pressure, | worry
alot.

Item 1. My worries
overwhelm me

Item 3. 1 know | should
not worry about things,
but I just cannot help it.
Item 5. | am always
worrying about
something.

Item 6. As soon as |
finish one task, | start to
worry about everything
else | must do.

Item 7. | have been a
worrier all my life

Item 8. | have been
worrying about different
things.

Primary symptoms are marked with Y. GAD-7, General Anxiety Disorder-7 (Spitzer
et al., 2006); PSWQ-8, Penn State Worry Questionnaire-8 (Hopko et al., 2003).
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