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Abstract

:

Most current affect scales and sentiment analysis on written text focus on quantifying valence/sentiment, the primary dimension of emotion. Distinguishing broader, more complex negative emotions of similar valence is key to evaluating mental health. We propose a semi-supervised machine learning model, DASentimental, to extract depression, anxiety, and stress from written text. We trained DASentimental to identify how N = 200 sequences of recalled emotional words correlate with recallers’ depression, anxiety, and stress from the Depression Anxiety Stress Scale (DASS-21). Using cognitive network science, we modeled every recall list as a bag-of-words (BOW) vector and as a walk over a network representation of semantic memory—in this case, free associations. This weights BOW entries according to their centrality (degree) in semantic memory and informs recalls using semantic network distances, thus embedding recalls in a cognitive representation. This embedding translated into state-of-the-art, cross-validated predictions for depression (R = 0.7), anxiety (R = 0.44), and stress (R = 0.52), equivalent to previous results employing additional human data. Powered by a multilayer perceptron neural network, DASentimental opens the door to probing the semantic organizations of emotional distress. We found that semantic distances between recalls (i.e., walk coverage), was key for estimating depression levels but redundant for anxiety and stress levels. Semantic distances from “fear” boosted anxiety predictions but were redundant when the “sad–happy” dyad was considered. We applied DASentimental to a clinical dataset of 142 suicide notes and found that the predicted depression and anxiety levels (high/low) corresponded to differences in valence and arousal as expected from a circumplex model of affect. We discuss key directions for future research enabled by artificial intelligence detecting stress, anxiety, and depression in texts.
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1. Introduction


Depression, anxiety, and stress are the three negative emotions most likely to be associated with psychopathological consequences [1,2,3]. According to the Depression Anxiety Stress Scale (DASS-21) [4], depression is associated with profound dissatisfaction, hopelessness, abnormal evaluation of life, self-deprecation, lack of interest, and inertia. Similarly, anxiety is associated with hyperventilation, palpitation, nausea, and physical trembling. Stress is associated with difficulty relaxing, agitation, and impatience (cf. [1,5,6]).



While these emotions are discrete and highly complex [3,6], they vary along a primary and culturally universal dimension of valence: perceived pleasantness [2,7,8]. Due to its universality, valence is frequently used in self-report affect scales [9]. Valence, which can be easily quantified along a continuous scale, explains the largest variance when compared to other proposed emotional dimensions such as arousal [7]. Unfortunately, valence is often the only output of affect scales. This is potentially problematic for measuring depression, anxiety, and stress, which are more complex [10]: These three distinct types of psychological distress are similar in valence but differ widely along other dimensions, such as arousal [11]. In fact, depression, anxiety, and stress are difficult to distinguish using valence alone [3,12,13]. This underlines the need for richer mappings between emotional dimensions and depression, anxiety, and stress (DAS) levels.



In the present study, we examine a new approach for detecting DAS levels by exploring how they are related to the emotions people recall when asked to report how they felt recently [8]. Specifically, we developed a machine learning approach (DASentimental) to extract more comprehensive information about reported emotions from a recall-based affect scale, the Emotional Recall Task (ERT) [8]. By using DASentimental to extract information from recently experienced emotions, we show how DASentimental can be used to make inferences about DAS levels that extend beyond valence and, subsequently, allow users to investigate natural language more generally.



Literature Review: Cognitive Data Science, Mental Well-Being and Issues of Affect Scales


Mental well-being is a psychological state in which individuals are able to cope with negative stimuli and emotional states [3,6,14,15]. Assessing the connection between emotions and mental well-being is a key yet relatively unexplored dimension in cognitive data science, the branch of cognitive science investigating human psychology and mental processes under the lens of quantitative data models [6,8,16,17,18,19,20,21,22,23].



Depression, anxiety, and stress can impair mental well-being, and consequences can be as extreme as suicide [5,24]. Early quantitative recognition of distress signals that might affect mental health is crucial to providing support and boosting wellness. Recognition starts with diving deep into an individual’s mindset and understanding their emotions. Psychological research [8,15,22,25,26] has found that people’s mental states relate to how they communicate; written and spoken language can thus reveal psychological states. A person’s emotional state can be anticipated through their communication [22,27]—identifying a quantitative coexistence and correlation among emotional words used by an individual can unveil crucial insights into their emotional state [28,29]. However, using only valence (also called “sentiment” in computer science [30]) to assess DAS levels is likely to be insufficient. Capturing how people reveal various forms of emotional distress in their natural language is therefore an important and open research area.



Outputs of affect scales typically include scores that quantify emotional valence. For example, the Positive Affect and Negative Affect Scale (PANAS; [13]), arguably the most popular self-report affect scale, asks people to evaluate their emotional experience against a predetermined emotion checklist that contains 10 positive words and 10 negative words (e.g., “to what extent did you feel irritated over the past month?”). By summing up the responses, the PANAS provides two scores: one for positive affect and one for negative affect. The PANAS essentially splits the emotions into two groups based on valence, and consequently ignores the within-group difference in valence. That means, for example, that emotions in the negative affect list such as “guilty” and “scared” are treated as though they had the same emotional impact.



Understanding mental well-being could be enhanced by both investigating richer sets of emotions—including everything a person might remember about their recent emotional experience—and examining the sequence of those emotional states. A precedent for this approach was recently set with the publication of the ERT [8], which asks participants to produce 10 emotions that describe their feelings. The sequences of words produced in the ERT represents a potential wealth of information for adapting machine learning to sentiment analysis. The idiosyncratic features of these individual words may contain information beyond valence. Indeed, arousal is often included as a primary predictor in addition to valence, for example, in the two-dimensional circumplex model of emotions [11]. Yet the ERT is likely to contain other dimensions as well. For example, anger and fear are both highly negative and highly arousing, but they refer to different experiences and prepare people for different sets of behaviors—anger may trigger aggression whereas fear may trigger freezing or fleeing. The order in which words are recalled in the ERT may also offer useful information by indicating the availability of different emotions and therefore potentially signalling information about emotional importance [31,32]. For example, earlier-recalled words are likely to provide more information on well-being than are later-recalled words. Finally, the ERT may contain information on emotional granularity, a psychological construct referring to an individual’s ability to discriminate between different emotions [14]. For example, a person with high emotional granularity would tend to use more distinct words (e.g., “anxious” instead of “bad”). People with higher emotional granularity reported better well-being and were less prone to mental illness, probably because a sophisticated understanding of one’s negative emotions fosters better coping strategies [14]. Crucially, people with low emotional granularity were found to be more likely to focus on valence and use “happy” and “sad” to cover the entire spectrum of positive and negative emotions [2]. All these patterns and strategies represent the building blocks of DASentimental.





2. Research Aims


This work focuses on sequences of emotional words, whose ordering and semantic meaning contain features that are assumed to be predictive of depression, anxiety, and stress. Having defined these psychological constructs along the psychometric scale represented by the DASS-21, the current work aims to reconstruct the model between emotional word sequences and DAS levels through machine learning. We adopted a semi-supervised learning approach mainly composed of two stages. First, we trained a machine learning regression model using cognitive data from the ERT [8]. Through cross-validation and feature selection, we enriched word sequences with a cognitive network representation [15,33] of semantic memory. We show that semantic prominence in the recall task as captured by network degree can boost the performance of the regression task. Second, having selected the best-performing model, we applied it to identifying emotional sequences in text, providing estimations for the DAS levels of narrative/emotional corpora—in this case, suicide notes [24,28].




3. Methods


This section outlines the datasets and methodological approaches adopted in this manuscript.



3.1. Datasets: Emotional Recall Data, Free Associations, Suicide Notes, and Valence–Arousal Norms


Four datasets were used to train and test DASentimental: the ERT dataset [8], the Small World of Words free association dataset in English [33], the corpus of genuine suicide notes curated by Schoene and Dethlefs [28], and valence–arousal norms in the Valence-Arousal-Dominance (VAD) Lexicon [10].



The ERT dataset is a collection of emotional recalls provided by 200 individuals and matched against psychometric scales such as the DASS-21 [4]. During the recall task, each participant was asked to produce a list of 10 words expressing the emotions they had felt in the last month. Participants were also asked to assess items on psychometric scales, thus providing data in the form of word lists/recalls (e.g., (anger, hope, sadness, disgust, boredom, elation, relief, stress, anxiety, happiness) and psychometric scores (e.g., depression/anxiety/stress levels between 0 and 20). The completely anonymous dataset makes it possible to map the sequences of emotional words recalled by individuals against their mental well-being, achieved here through a machine learning approach.



The Small World of Words [33] project is an international research project aimed at mapping human semantic memory [19] through free associations: conceptual associations where one word elicits the recall of others [33]. Cognitive networks made of free associations between concepts have been successfully used to predict a wide variety of cognitive phenomena, including language processing tasks [33], creativity levels [18,20], early word learning [34,35], picture naming in clinical populations [36], and semantic relatedness tasks [37,38]. Furthermore, because they have no specific syntactic or semantic constraints, free associations capture a wide variety of associations encoded in the human mind [39]. We therefore used free associations to model the structure of semantic memory from which the ERT recalls were selected. This modeling approach posits that all individuals, independent of their well-being, possess a common structure of conceptual associations. Although preliminary evidence shows that semantic memory might be influenced by external factors such as distress [40] or personality traits [41], we had to adopt this point as a necessary modeling simplification in absence of free association norms across clinical populations. Our approach also posits that the connectivity of emotional words is not uniform; rather, there are more (and less) well connected concepts. This postulation, combined with the adoption of a network structure, operationalized the task of identifying how semantically related emotional words are in terms of network distance (the length of the shortest path connecting any two node [35]). The finding that network distance in free associations outmatched semantic latent analysis when modeling semantic relatedness norms [37,38] supports our approach.



The corpus of suicide notes is a collection of 142 suicide notes by people who ended their lives [28]. The dataset was curated and analyzed for the first time by Schoene and Dethlefs [28], who used it to devise a supervised learning approach to automatic detection of suicide ideation. The notes were collected from various sources, including newspaper articles and other existing corpora. All notes were anonymized by removing any links to a person or place or any other identifying information. Already investigated in previous studies under the lens of sentiment analysis [28], cognitive network science [24], and recurrent neural networks [29], this dataset was a clinical case study to which DASentimental was applied after having been trained on word sequences from the ERT data.



The valence–arousal norms used here indicate how pleasant/unpleasant (valence) and how exciting/inhibiting (arousal) words are when identified in isolation within a psychology mega-study [10]. This dataset included valence and arousal norms for over 20,000 English words. We used it to validate, through the circumplex model of affect [11], results based on DASentimental and text analysis.




3.2. Machine Learning Regression Analysis


Our DASentimental approach aims at extracting depression, anxiety, and stress levels from a given text through semi-supervised learning. DASentimental is a regression model, trained on features extracted from emotional recalls (ERT data) and obtained from a network representation of semantic memory (free association data). The model was validated against psychometric scores from the DAS scale [8]. Using cross-validation and feature importance analysis [42], we selected a best-performing model to detect depression, anxiety, and stress levels in previously unseen texts.



All in all, the pipeline implemented in this work can be divided into four main subtasks, performed sequentially:




	
Data cleaning and vectorial representation of regressor (features) and response (DAS levels) variables;



	
Training, cross-validation, and selection of the best-performing regression model for estimating DAS levels from ERT data;



	
Estimating the DAS levels of suicide notes by parsing the sequences of emotional words in each letter;



	
Validating the labelling predicted by DASentimental through independent affective norms [10].









3.3. Data Cleaning and Vectorial Representation of Regressor Variables


Our regression task builds a mapping between depression (anxiety, stress) scores    { Y }  i   and features extracted from sequences of emotional words,    { X }   { i , j }   . Each sequence contains exactly 10 words produced by a participant in the ERT (e.g.,   X i   = {anger, hope, sadness, disgust, boredom, elation, relief, stress, anxiety, happiness} and thus   X  i j    = anger). The ERT dataset features 200 recalls   X i  , each produced by an individual and reported relative to their estimated levels of depression, anxiety, and stress as measured on the DASS-21 (cf. [8]). One training instance was performed for each of the three independent variables (depression, anxiety, and stress levels). All instances used 200 recalls in a fourfold cross-validation. Independent variables ranged from 0 (e.g., absence of stress) to 20 (e.g., high levels of stress). The ERT dataset contained on average one in three individuals suffering from abnormal levels (for reference see: https://www.psytoolkit.org/survey-library/depression-anxiety-stress-dass.html accessed on 8 November 2021) of depression, anxiety, or stress, indicating that the dataset contains both normal and abnormal levels of distressing emotional states and can be used for further analysis.



Like other approaches in natural language processing [20,23,42], we adopted a vectorial representation, transforming the 10-dimensional vectors   X i   into N-dimensional vectors   B i  , where the first   K < N   entries   B  i k    (for   1 ≤ k ≤ K  ) count the occurrence (1, 2, 3, …) or absence (0) of a word in the original recall list   X i  . In this way, K counts the first entries in the vectorial representation of recalls featuring the absence or presence of specific words. Consequently, K is also the number of unique words present across all 200 recalls in the ERT data. The remaining entries   B  i k    (for   K + 1 ≤ k ≤ N  ) are relative to additional features extracted from recall lists, i.e., network distances obtained from the cognitive network of free associations. Hence, N is the sum of K and the number of distance-based features extracted from recalls. The representation of word lists as binary vectors of word occurrences, known as Bag-of-Words (BOW) [43], is one of the simplest and most commonly used numerical representations of texts in natural language processing. The representation of word lists as features extracted from a network structure, known as network embedding, has been used in cognitive network science for predicting creativity levels from animal category tasks [20].



BOW representations can be noisy due to different word forms indicating the same lexical item and thus the same semantic/emotional content of a list (e.g., “depressed” and “depression”). Noise in textual data can be reduced by regularizing the text—that is, recasting different words to the same lemma or form. We cast different forms to their noun counterparts through the WordNet lemmatization function implemented in the Natural Language Toolkit and available in Python. This data cleaning reduced the overall set of unique words from 526 to K = 355 nouns, thus reducing the dimensionality and sparsity of our vector representations.




3.4. Embedding Recall Data in Cognitive Networks of Free Associations


A crucial limitation of the BOW representation is that emotional words have the same weight for the regression analysis regardless of whether they were recalled first or last. This is in contrast with a rich literature on recall from semantic memory [19,21], which indicates that in producing a list of items from a given category, the elements recalled first are generally more semantically relevant to the category itself. Therefore a better refinement would be to weight word entries in BOW according to their position in recalls. For instance, the occurrence of “sad” in the first position in recall i (i.e.,   X  i 1    = sad) would receive a higher weight   w 1   than if it occurred later. The different weights    { w }  j   could be tailored so that initial words in a recall are more important in estimating DAS levels.



Rather than using arbitrary weightings, we adopted a cognitive network science approach [17]. Emotional words do not come from an unstructured system; they are the outcome of a search in human memory [21]. We modeled this memory as a network of free associations in order to embed words in a network structure and measure their relevance in memory through network metrics (cf. [19,21,44]). This approach allowed us to compute the network centrality of all words in a given position j and estimate weight   w j   as the average of such scores.



Our first step was to transform continuous free association data from [33] into a network where nodes represented words and links represented memory recall patterns (e.g., word A reminding at least two individuals of word B). Analogously to other network approaches [34,35,37,38] and due to the asymmetry in gathering cues and targets [39], we considered links as being undirected. This procedure led to a representation of semantic memory as a fully connected network  N  containing 34,298 concepts and 328,936 links. On this representation we then computed semantic relevance through one local metric (degree) and one global metric (closeness) that had been adopted in previous cognitive inquiries [18,34,36]. Degree captures the numbers of free associations providing access to a given concept, whereas closeness centrality identifies how far on average a node is from its connected neighbors (cf. [17]). We checked that all K = 355 unique words from the ERT data were present in  N , then computed degrees and closeness centralities of all words occurring in a given position   j ∈ { 1 , 2 , … , 10 }  . We report the results in Figure 1.



Although there are several outliers, Figure 1 confirms previous findings [8] about the ERT data following memory recall patterns, with words in the first positions being more semantically prominent than subsequent ones. Since degree and closeness centrality did not seem to display qualitatively different behaviors, we used the median values   m j   for degree (see Figure 1, left) as weights    w j  =  m j   , normalized so that   ∑  w j  = 1  . These weights were used to multiply/weight the respective entries of the BOW representation,   B  i k    (for   1 ≤ k ≤ K  ), so as to obtain a weighted BOW representation of recalls depending on both the ERT data and the network representation  N  of semantic memory.



This procedure constitutes a first semantic embedding of ERT data in a cognitive network. We also performed a second semantic embedding of ERT recalls by considering them as walks over the structure of semantic memory. Like the approach in [20], we considered a list of recalled words as a network path [17],    X  i 1   ,  X  i 2   , … ,  X  i 10    , visiting nodes over the network structure and moving along shortest network paths [38]. This second embedding made it possible to attribute a novel set of distance-based features to each recall.



In particular, we focused on the following distance-based features:




	
The coverage   C i   performed over the whole walk   X i   [36]—that is, the total number of free associations traversed when navigating  N  across a shortest path from node   X  i 1    to   X  i 2   , then from   X  i 2    to   X  i 3   , and so on. This coverage equals the sum or the total of all the network distances between adjacent words in a given recall;



	
The graph distance entropy [45]   E i   of the whole walk   X i  , computed as the Shannon entropy for the occurrences of paths of any length within   X i  ;



	
The total network distance   D i   between all nodes in a walk/recall   X i   and the target word “depression”. Similarly, we also considered   S i   (  A i  ) as the sum of distances between recalled words and “stress” (“anxiety”);



	
The total network distance   H i   between all nodes in a walk/recall   X i   and the target emotional state “happy”. Similarly, we also considered   S  S i    (  F i  ) as the sum of distances between recalled words and the target emotion “sad” (“fear”).








We considered these metrics following previous investigations of semantic memory, affect, and personality traits. Coverage on cognitive networks has been found to be an important metric for predicting creativity levels with recall tasks [16,20]. Higher coverage and graph distance entropy can indicate that sets of responses are more scattered across the structure of semantic memory or that they oscillate between positive and negative emotional states, with potential repercussions over reduced emotion regulation and increased DAS levels [8]. Since shortest network distance on free association networks was found to predict semantic similarity [37,38], we selected semantic distances between recalls and target clinical states to capture the relatedness of responses to DAS levels. The selection of “happy” and “sad” followed previous results from the circumplex model of affect [11], a model mapping emotional states according to the dimensions of pleasantness and arousal. In the circumplex model, “happy” and “sad” are opposite emotional states and their relatedness to recalls can provide additional information for detecting the presence or absence of states such as DAS. We also included “fear”, as it is a common symptom of DAS disorders [8].



The validation of these distances as useful features for discriminating between DAS levels is presented in the Results section.




3.5. Machine Learning Approaches


After having built weighted and unweighted BOW representations of ERT data, enriched with distance-based measured, we tested them within three commonly adopted machine learning regressors.



We tested the following algorithms [42,46]: (i) decision tree, (ii) multilayer perceptron (MLP), and (iii) recurrent neural network (Long–Short Term Memory [LSTM]). Decision trees can predict target values by learning decision rules on how to partition a dataset according to its features in order to reduce the total error between predictions and estimates (cf. [23]). The MLP is inspired by biological neural networks [47] and consists of multiple computing units organized in input, hidden, and output layers. Each unit takes a linear combination of features and produces an output according to an activation function. Combinations are fixed according to weights that are updated over time so as to minimize the error between the final and target inputs. This procedure, known as backpropagation, travels backwards on the neural network [46]. LSTM networks feature feed-forward and back-forward loops that affect hidden layers recurrently over training, a procedure known as deep learning. Additionally, LSTMs feature specific nodes that remember outputs over arbitrary time intervals; this can enhance training by reducing the occurrence of vanishing gradients and getting stuck in local minima.




3.6. Model Training


We trained decision trees with scikit-learn in Python [42]. We used a maximum tree depth of 8 to reduce overfitting and applied a squared error optimization metric for identifying tree nodes. For MLPs we selected an architecture using two hidden layers with 25 neurons each. A dropout rate of 20% between weight updates in the second hidden layer was fixed to reduce overfitting. The number of layers and neurons were fixed after fine-tuning over multiple iterations using the whole dataset of 200 data points and a fourfold cross-validation. A rectified linear activation function was selected to keep the output positive at each layer, as is the case with DAS scores. Training was performed via backpropagation [46]. For the LSTM architecture, we used two hidden layers, each featuring four cells and a dropout rate of 20% to reduce overfitting. A batch gradient descent algorithm was used to train the LSTM network [46].



Training was performed by splitting the dataset of 200 ERT recalls into training (75%) and test sets (25%), according to a fourfold cross-validation. In the regression task of estimating DAS levels from the test set after training, we measured performance in terms of mean squared error (MSE) loss and Pearson’s correlation R. Vectors of features underwent an L2 regularization to further reduce the impact of large dimensionality and sparseness during regression. Performance with different sets of features was recorded so we could apply the best-performing model to text analysis.




3.7. Application of DASentimental to Text


Texts are sequences of words, albeit in more articulated forms than sequential recalls from semantic memory. Nonetheless, word co-occurrences in texts are not independent from semantic memory structure itself—in fact, a growing body of literature in distribution semantics adopts co-occurrences for predicting free association norms [48]. We adopted an analogous approach and used the best-performing model from the ERT data to estimate DAS levels in texts based on their sequences of emotional words. DASentimental can thus be considered a semi-supervised learning approach, trained on psychologically validated recalls and applied to previously unseen sequences of emotional words in texts.



To enhance overlap between the emotional jargon of text and the lexicon of K = 355 unique emotional words in the ERT dataset, we implemented a text parser in spaCy, identifying tokens in texts and mapping them to semantically related items in the ERT lexicon. This semantic similarity was obtained as a cosine similarity between pre-trained word2vec embeddings; it was therefore independent from free association distances.



As seen in Algorithm 1, for every non-stopword [49] of every sentence in a text, the parser identifies nouns, verbs, and adjectives and maps them onto the most similar concept (if any) present in the ERT/DASentimental lexicon. This procedure can skip stopwords and enhance the attribution of different word forms and tenses to their corresponding base form from the ERT dataset, which possesses less linguistic variability than does text due to its recall-from-memory structure. This mapping helped ensure that DASentimental does not miss different forms of words or synonyms from texts, and therefore ultimately enhances the quality of the regression analysis. Checking for item similarity in network neighborhoods drastically reduced computation times, thereby making DASentimental more scalable for volumes of texts larger than the 142 notes used in this first study.






	Algorithm 1: Semantic parser identifying emotional words from text that can be mapped onto the emotional lexicon of DASentimental.



	
  Input: Text from Suicide Note



  Output: Vector Representation of emotional content, selected words



1for each sentence in suicide note do



2   for each word in sentence do



3      if word is negative:



4         isNeg = True



5      if word not in stopwords and word.pos in [‘NOUN’,‘ADJ’,‘ADV’,‘VERB’]



6         if isNeg True:



7            find similar words to the current word antonym in ERT words



8            if max similarity ≥= 0.5:



9               Add most similar word to selected words and update vector



10               isNeg=False



11         else:



12            find similar words to the current word in ERT words



13            if max similarity ≥= 0.5:



14               Add most similar word to selected words and update vector



15   end for



16end for











3.8. Handling Negations in Texts


Using spaCy also meant we could track negation in a sentence and, for any emotional words in the same sentence, substitute in their antonym to be checked (instead of the non-negated word). A similar approach was adopted in studies with cognitive networks [50]. For instance, in the sentence “I am not happy”, the word “happy” was not directly checked for similarity against the ERT lexicon. Instead, the antonym of “happy” (“sad”) was found using spaCy and its similarity was checked instead. Handling negations is a key aspect of processing texts. Since more elaborate forms of meaning negations are present in language, this can be considered a first, simple approach to accounting for semantic negations.




3.9. Psycholinguistic Validation of DASentimental for Text Analysis


In this first study we used suicide letters as a clinical corpus investigated in previous works [28,50] and featuring narratives produced by individuals affected by pathological levels of distress. Unfortunately but understandably, the corpus did not feature annotations expressing the levels of depression, anxiety, and stress felt by the authors of the letters.



We also performed emotional profiling [51] over the same set of suicide notes, this time relying on another psycholinguistic set of affective norms, the NRC VAD Lexicon [10]. Analogously to the emotional profiling implemented in [30] to extract key states from textual data, we used the NRC VAD Lexicon to provide valence and arousal scores to lemmatized words occurring in suicide notes. We also applied DASentimental to all suicide notes and plotted the resulting distributions of depression (anxiety, stress) scores. A qualitative analysis of the distributions highlighted tipping points, which were used for partitioning the data into letters indicating high and low levels of estimated depression (anxiety, stress). Tipping points were selected instead of medians because most notes elicited no estimated DAS levels, thus producing imbalanced partitions. The tipping points were 6 for depression, 2 for anxiety, and 4 for stress. As reported in Figure 2 (bottom), above these tipping points the distributions exhibited cut-offs or abrupt changes.



We then compared the median valence and arousal of words occurring in high and low partitions of the suicide note corpus. Our exploration was guided by the circumplex model of affect [11], which maps “depression” as a state with negative valence and low arousal, “anxiety” as a state with negative valence and high arousal, and “stress” as a state in between “anxiety” and “depression”. For every partition, we expected letters tagged as “high” by DASentimental to feature more extreme language.





4. Results


This section reports on the main results of the manuscript. First, we quantify semantic distances and their relationships with DAS levels. Second, we outline a comparison of different learning methods. Third, within the overall best-performing machine learning model we compare performance of the binary and weighted BOW representations of recalls, using only the embedding coming from network centrality. We then provide key results about several models using different combinations of network distances, further enriching the ERT data with features coming from network navigation of semantic memory (see Methods). We conclude by applying the best-performing model to the analysis of suicide letters and presenting the results of the psycholinguistic validation of DASentimental estimations.



4.1. Semantic Distances Reflect Patterns of Depression, Anxiety, and Stress


Semantic distances, in the network representation of semantic memory, correlated with DAS levels. In other words, the emotional words produced by individuals tended to be closer to or further from targets such as “depression” and “anxiety” (see Methods) according to the DAS levels recorded via the psychometric scale. We found a Pearson’s correlation coefficient R between depression levels and total semantic distance between recalls and “depression” equal to −0.341 (N = 200, p < 0.0001). This means that people affected by higher levels of depression tended to recall and produce emotional words that were semantically closer and thus more related to [37,38] the concept “depression” in semantic memory. We found similar patterns for “anxiety” and anxiety levels (−0.218, N = 200, p = 0.002) and for “stress” and stress levels (−0.357, N = 200, p < 0.0001). These findings constitute quantitative evidence that semantic distance from these target concepts can be useful features for predicting DAS levels. For the happy/sad emotional dimension, we found that people with higher depression/anxiety/stress levels tended to produce concepts closer to “sad” (R < −0.209, N = 200, p < 0.001). Only people affected by lower depression levels tended to recall items closer to “happy” (R = 0.162, N = 200, p = 0.02). No statistically significant correlations were found for anxiety and stress levels. These results indicate that the sad/happy dimension might be particularly relevant for estimating depression levels. At a significance level of 0.05, no other correlations were found. Because there might be additional correlations between different features that are exploitable by machine learning, we will further test the relevance of distance over machine learning regression within the trained models.



The relevance of semantic distances for predicting DAS levels can also be visualized by partitioning the ERT dataset into individuals with higher-than-median or lower-than-median depression (anxiety, stress) levels. Figure 3 (bottom) shows that people with lower levels tended to produce distributions of network distances differing in their medians (Kruskal–Wallis test,    N H  +  N L  = 200  , p < 0.001). Individuals with higher levels of depression (anxiety, stress) tended to recall items more semantically prominent to “depression” (“anxiety”, “stress”), which further validates our correlation analysis and our adoption of network distance as features for regression.




4.2. Performance of Different Machine Learning Algorithms


As reported in the Methods section, we trained ERT data through three machine learning algorithms: (i) decision trees, (ii) LSTM recurrent neural networks and (iii) MLP. Independent of using the binary or embedded BOW representations of ERT recall and tuning hyperparameters, neither decision trees nor LSTM networks learned from the dataset. This might be due to the relatively small size of the sample (200 recalls). It must be also noted that decision trees try to split the data based on a single feature value, whereas in the current case DAS levels might depend on the co-existence of emotional words. For instance, the sequence “love, broken” might portray love in a painful context, creating a codependence of features that would be difficult for decision trees to account for. The MLP did learn relationships from the data; its performance is outlined in the next section in terms of MSE loss and   R 2   between estimations and validation values of DAS.




4.3. Embedding BOW in Semantic Memory Significantly Boosts Regression Performance


Table 1 reports the average performance of the MLP regressor over binary and weighted representations of word recalls from the ERT. In our approach, weights come from the median centralities of words in the network representation of semantic memory enabled by free associations [19,38,39] (see Methods).



The binary BOW representation of recalls achieved nontrivial regression results (  R 2   higher than 0) for the estimation of depression levels, but not for anxiety or stress estimation. Enriching the same vector representation with the weights from cognitive network science drastically boosted performance, with   R 2   ranging between 0.15 and 0.40 (i.e., R between 0.38 and 0.63). These results indicate that the first items recalled from semantic memory possess more information about the DAS levels of a given individual. This indicates that there is additional structure within the ERT data that we capitalize on by using the weighted representation.




4.4. Comparison of Model Performance Based on Cognitive Network Features


Table 2 reports model performance when different network distances were plugged in together with the weighted BOW.



Considering all semantic distances was beneficial for boosting regression results, reducing MSE loss, and enhancing   R 2   levels—up to 0.49 for depression levels (R = 0.7), 0.20 for anxiety levels (R = 0.44), and 0.27 for stress levels (R = 0.52). The artificial intelligence trained here correlates as strongly as the ERT metric introduced by Li and colleagues [8], which relied on additional valence data attributed to emotions by participants and was powered by traditional statistical methods not based on machine learning. Since additional valence data is not available in texts, we did not use it to train DASentimental; nevertheless, we achieved analogous prediction correlations to Li and colleagues. We therefore considered DASentimental to be a state-of-the-art tool for assessing depression, anxiety, and stress levels from emotional recall data, and proceeded to the next step: using it for text analysis.



Table 2 also identifies the relevance of different distance-based features for predicting DAS levels. We found that the addition of coverage was beneficial for boosting prediction performance compared to the weighted BOW only; this might be due to nonlinear effects that cannot be captured by the previous regression analysis. Adding happy/sad distances to coverage worsened prediction results for “depression” and, in general, produced a lower boost than did adding distances from depression/anxiety/stress to the unweighted BOW representation. Adding all these distances introduced feature correlations that the MLP exploited to achieve higher performance.



Furthermore, Table 2 reports crucial results for exploring how “fear” relates to the estimation of DAS levels. The semantic distances from fear produced a boost in predicting anxiety, indicating that fear is an important emotion for predicting anxiety levels. No boost was recovered for other DAS constructs. However, because these distances are correlated with others, the two models using “fear” and all other concepts performed as well as the simpler model without “fear”. We therefore selected the model based on the weighted BOW representation plus coverage/entropy and all other distances except from “fear” as the final model of DASentimental.




4.5. Analysis of Suicide Notes


According to the World Health Organization (See: https://www.who.int/news-room/fact-sheets/detail/suicide; last accessed 5 October 2021), every year more than 700,000 people commit suicide. There are usually multiple reasons behind a person’s decision to take their life, and one reason can lead to others: Minor incidents may accumulate over time, increasing mental distress and the appearance of depression, anxiety, and/or stress. Eventually, these may become too overwhelming to endure, and the mental pressure may trigger the decision to end one’s own life [5].



Most people who commit suicide do not leave behind a note; those who do provide vital information. Written by individuals who have reached the limit of emotional distress, suicide notes are first-hand evidence of the vulnerable mindset of emotionally distraught individuals [28,29]. Analyzing these notes can offer important insights into the mental states of their authors.



To gather such insights, we applied the best-performing version of DASentimental (with weighted BOW and semantic distances) to the corpus of genuine suicide notes curated by Schoene and Deathlefs [28] and investigated in other recent studies [24,29]. This application constitutes the second part of our semi-supervised approach to text analysis, in which DASentimental predicts DAS levels of non-annotated text from its semantically enriched sequences of emotional words (see Methods).



Results are reported in Figure 2. We registered strong positive correlations between estimated DAS levels (Pearson’s coefficients,   R  D A    = 0.35, p < 0.0001;   R  D S    = 0.50, p < 0.0001;   R  A S    = 0.59, p < 0.0001). These correlations indicate that suicide notes tended to feature similar levels of distress coming from depression, anxiety, and stress, although with different intensities and frequencies, as evident from the qualitative analysis of distributions in Figure 2 (bottom).



Using valence and arousal of words expressed in suicide letters, we performed an additional validation of the results of DAS through the circumplex model of affect [11] (see Methods). By partitioning the notes according to high/low levels of depression (anxiety, stress), we compared the valence (and arousal) of all words mentioned in suicide letters from each partition. At a significance level of 0.05, suicide notes marked by DASentimental as showing higher depression levels were found to contain a lower median valence than notes marked as showing lower levels of depression (Kruskal–Wallis test, KS = 6.889, p = 0.009). Analogously, suicide notes marked by DASentimental as showing higher anxiety levels contained a higher median arousal than notes marked as showing lower anxiety levels (Kruskal–Wallis test, KS = 3.2014, p = 0.007). No differences for stress were found.



Letters with lower depression levels contained more positive jargon, including mentions of loved ones and “relief” at ending the pain and starting a new chapter. Some notes even included emotionless instructions about relatives and assets to be taken care of. Letters with higher depression levels more frequently mentioned jargon relative to “pain” and “boredom”—this imbalance in frequency is captured by the difference in median valence noted above. In the circumplex model, depression lives in a space with more negative valence than neutral/emotionless language; thus the statistically significant difference in valence indicates that DASentimental is able to identify the negative dimension associated with depression.



A similar pattern was found for anxiety, with letters marked as “high anxiety” by DASentimental featuring more anxious jargon relative to pain and suffering. In the circumplex model, anxiety lives in a space with higher arousal and alarm than neutral/emotionless language; therefore, the difference in median arousal between high- and low-anxiety letters indicates that DASentimental is able to identify the alarming and arousing dimensions associated with anxiety.



The absence of differences for stress might indicate that DASentimental is not powerful enough to detect these differences; if this is the case, further research and larger datasets are required. Nonetheless, the signals of enhanced negativity and alarm detected by DASentimental lay the foundation for detecting stress, anxiety, and depression in texts via emotional recall data.





5. Discussion


In this study, we trained a neural network, DASentimental, to predict depression, anxiety, and stress using sequences of emotional words embedded in a cognitive network representation of semantic memory. DASentimental achieved cross-validated predictions for depression (R = 0.7), anxiety (R = 0.44), and stress (R = 0.52) in line with previous approaches using additional valence data [8]. This state-of-the-art performance suggests that even without explicitly encoding valence ratings for each word, DASentimental is able to achieve good explanatory power. This success stems from the cognitive embedding of recalled concepts—that is, concepts at shorter/longer network distance from key ideas such as “depression”, “sad”, and “happy” that are commonly used to describe emotional distress [4,7].



Our findings suggest the importance of considering network distances between concepts in semantic memory in investigations of emotional distress. This insight provides further support to studies showing how network distances and connectivity can predict other cognitive phenomena, including creativity levels [16,18,20], semantic distance [37,38], and word production in clinical populations [36].



We noticed a significant boost in performance (+210% in   R 2   on average) when embedding BOW representations of recall lists (see Methods) in a cognitive network of free associations [33]. A nearly tenfold boost was observed for predicting stress and anxiety, which are considerably complex distress constructs [14,40]. Our results underline the need to tie together artificial intelligence/text-mining [43] and cognitive network science [15] to achieve cutting-edge predictors in next-generation cognitive computing.



We applied DASentimental to a collection of suicide notes as a case study. Most suicide notes in the corpus [28] indicated low levels of depression, anxiety, and stress. This suggests that despite the decision to terminate their own life, the writers of suicide notes tried to avoid overwhelming their last messages with negative emotions; this is compatible with previous studies [24]. One observation gained from a close reading of suicide notes is that many writers expressed their love and gratitude to their significant others, and used euphemisms when referencing the act of suicide (e.g., “I can’t take this anymore”). Therefore, although a reader might interpret a typical suicide note as being filled with sorrow, their perception is influenced by the knowledge that the writer eventually killed themself.



Limitations and Future Research


A key limitation of DASentimental is that it cannot account for how context shifts and forges meaning and perceptions in language [43]. Furthermore, DASentimental cannot capture how the writers actually felt before, during, or after writing those last letters. Instead, DASentimental quantifies the emotions that are explicitly expressed by the authors, since it is trained on ERT data which includes expressions of emotions without context. Future research might better detect contextual knowledge through natural language processing, which has been successfully used on contextual features such as medical reports [52] and speech organization [27] to detect the risk of psychosis in clinical populations. Alternatively, community detection in feature-rich networks could provide information about the different meanings and contextual interpretations provided to concepts in cognitive networks (e.g., the different meanings of “star” [53]). Last but not least, contextual features might be detected through meso-scale network metrics such as entanglement, which was recently shown to efficiently identify nodes critical for information diffusion in a variety of techno-social networks [54].



Subjective valence ratings such as those adopted in the original ERT study [8] are not available in texts; DASentimental therefore uses cognitive network distances [45] to target words instead. Despite this difference, DASentimental’s performance is on par with the work of Li and colleagues [8]. This has two implications: First, a stronger model might use distances and valences when focusing only on fluency tasks. Second, for text analysis and even cognitive social media mining [55], DASentimental’s machine learning pipeline could be used to detect any kind of target emotion (e.g., “surprise” or “love”). Furthermore, DASentimenal could be used on future datasets relating DAS levels with ERT data and demographics to explore how age, gender, or physical health can influence depression, anxiety, and stress detection.



In this first study we relied on machine learning to spot relationships between emotional recall and depression, anxiety, and stress levels. However, other statistical approaches might be employed in the future—the most promising is LASSO for semi-supervised regression [56].



As a future research direction, DASentimental could be used to investigate the cultural evolution of emotions. Emotions and their expressions are shaped by culture and learned in social contexts [57,58] and media movements [49]. What people can feel and express depends on their surrounding social norms. Previous studies have shown that large historical corpora can be used to make quantitative inferences on the rise and fall of national happiness [58]. Similarly, DASentimental could be applied to track the change of explicit expression of depression, anxiety, and stress over history, quantified through the emotions of modern individuals. This would highlight changes in norms towards emotional expression and historical events (e.g., “pandemic”), thus complementing other recent approaches in cognitive network science [9,30,59,60,61] and sentiment/emotional profiling [51,55,62,63] by bringing to the table a quantitative, automatic quantification of depression, anxiety, and stress in texts.





6. Conclusions


This work combines cognitive network science and artificial intelligence to introduce a semi-supervised machine learning model, DASentimental, that extracts depression, anxiety, and stress from written text. Cognitive data and networked representations of semantic memory powered our approach. We trained the model to spot how sequences of recalled emotion words by N = 200 individuals correlated with their responses to the DASS-21. Weighting responses according to their network centrality (degree) and measuring recalls as network walks significantly boosted regression results up to state-of-the-art approaches (cf. [8]). This quantitative approach not only makes it possible to assess emotional distress in texts (e.g., detecting the depression level expressed in a letter), but also provides a quantitative framework for testing how semantic distances of emotions correlate with distress and mental well-being. For these reasons, DASentimental will appeal to clinical researchers interested in measuring distress levels in texts in ways that are interpretable under the framework of semantic network distances (cf. [16,20,37,38]).
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Figure 1. Box plots of degree (left) and closeness centrality (right) of words in the ERT dataset for each position of recall,   j ∈ { 1 , 2 , … , 10 }  . 
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Figure 2. Top: 3D visualization of depression, anxiety, and stress in suicide notes as estimated by DASentimental. Bottom: Histograms of DAS levels per pathological construct. 
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Figure 3. Top: Toy representation of semantic memory as a network of free associations. Semantic network distances from recalls (e.g., “tired”, “frustration”) to “anxiety” are highlighted. This visualization illustrates that cognitive networks provide structure to conceptual organization in the mental lexicon and enable measurements such as semantic relatedness in terms of shortest paths/network distance. Bottom: Total network distances between recalls and individual concepts (“anxiety”, “depression”, “stress”, and “sad”) between people with high and low levels of DAS. 
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Table 1. Average losses and   R 2   estimators for the binary and weighted versions of Bag-of-Words (BOW) representations of ERT recalls. Weights were fixed according to the median centralities of words in each position of the ERT data (see Methods). Error margins are computed over 10 iterations and indicate standard deviations. MSE: mean squared error.
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DAS Constructs

	
Binary BOW

	
Cognitive Weighted BOW






	

	
MSE Loss

	
   R 2   

	
MSE Loss

	
   R 2   




	
Depression

	
30.7 ± 0.1

	
0.19 ± 0.01

	
22.0 ± 0.1

	
0.40 ± 0.02




	
Anxiety

	
16.2 ± 0.1

	
0.03 ± 0.01

	
14.5 ± 0.1

	
0.15 ± 0.02




	
Stress

	
27.6 ± 0.1

	
0.03 ± 0.01

	
19.3 ± 0.1

	
0.26 ± 0.01
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Table 2. Average losses and   R 2   estimators for models employing different features within the same neural network architecture. All models include weighted representations of word and include (in order of appearance in table): (i) all network distances/conceptual entries (from “anxiety”, “depression”, “stress”, “sad|”, “happy”, and “fear”, together with total emotional coverage (Cover.)), (ii) only distances from “depression”, “stress”, and “anxiety” with coverage and graph distance entropy (Entr.), (iii) only distances from “happy” and “sad” with coverage and entropy, (iv) only coverage and entropy, (v) all other distances, coverage, and entropy without distances from “fear”, and (vi) only distances from “fear”. Error margins are computed over 10 iterations and indicate standard deviations. BOW: bag-of-Words, MSE: mean squared error.
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Cognitive-Network Embedded BOW with:

	
Construct

	
MSE Loss

	
    R 2    






	
All Conceptual Distances + Cover. + Entr.

	
Depression

	
18.6 ± 0.4

	
0.49 ± 0.01




	
Anxiety

	
14.3 ± 0.3

	
0.20 ± 0.02




	
Stress

	
19.3 ± 0.3

	
0.27 ± 0.01




	
Only Distances from Depression/Anxiety/Stress + Cover. + Entr.

	
Depression

	
19.5 ± 0.5

	
0.46 ± 0.01




	
Anxiety

	
14.4 ± 0.3

	
0.17 ± 0.02




	
Stress

	
19.0 ± 0.4

	
0.28 ± 0.02




	
Only Distances from Happy/Sad + Cover. + Ent.

	
Depression

	
20.6 ± 0.5

	
0.43 ± 0.01




	
Anxiety

	
14.9 ± 0.2

	
0.15 ± 0.01




	
Stress

	
19.3 ± 0.4

	
0.27 ± 0.01




	
Only Cover. + Entr.

	
Depression

	
19.5 ± 0.6

	
0.45 ± 0.01




	
Anxiety

	
14.7 ± 0.2

	
0.15 ± 0.01




	
Stress

	
19.2 ± 0.4

	
0.27 ± 0.02




	
Cover. + Entr. + All Distances except from Fear

	
Depression

	
18.5 ± 0.3

	
0.49 ± 0.01




	
Anxiety

	
13.9 ± 0.3

	
0.23 ± 0.02




	
Stress

	
18.9 ± 0.5

	
0.28 ± 0.01




	
Distance from Fear only

	
Anxiety

	
14.6 ± 0.2

	
0.16 ± 0.01
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