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ABSTRACT
Artificial intelligence (AI) and machine learning (ML) are a promising and disruptive new approach to healthcare, though its application in
mental health research and clinical care has lagged behind fields like radiology. Natural language processing (NLP) has great potential to
further empirical studies of fuzzy behavioral concepts like loneliness, a growing societal epidemic with unique individualistic experiences.
We report NLP analyses of the transcribed interview data to extract features like sentiment and emotion and compared machine learning
models in the prediction of loneliness using language features. Our study shows great potential of AI to innovate psychiatric research and
practice, though it also highlights the difficulty of defining “ground truths” for psychological constructs like loneliness, challenges to using
language data for behavioral constructs, and limitations of AI tools.
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1 Introduction
The use of Artificial Intelligence (AI) in the research and clinical realms of psychiatry has been fairly limited, due to the nature of the
mental health field – which has long lacked definitive “biomarkers” of illness and relied heavily on subtle behavioral observations and
internal emotional states. Yet, modern AI has the potential to revolutionize the field by integrating heterogeneous data-streams e.g., genetic,
neurobiological, imaging-based, behavioral, and subjective data, to develop mechanistic models of mental illness. Furthermore, AI
technologies can be harnessed to define fuzzy psychological constructs like loneliness. Loneliness is the latest behavioral epidemic which
has been linked with significant health and economic consequences worldwide. The health impacts of loneliness rival obesity and smoking
15 cigarettes per day (1). Our previous work has reported prevalence of loneliness to be as high as 76% in a large San Diego-based sample,
ranging from age 27-101 years (2). Increased social isolation in the context of the Covid-19 pandemic may further increase the prevalence
of loneliness, especially among vulnerable populations including older adults and persons with serious mental illnesses whom are already
at high risk for loneliness.
Peplau and Perlman first defined loneliness as the subjective experience of social disconnectedness (3, 4) and thus traditional measures
of loneliness have relied on self-report: either a direct question about loneliness or validated scales. By contrast, conversational interviews
lack the rigid structure of itemized tests and can be rich source of personal insight and internal experiences, however, consistent analyses
(even for a small dataset) can be a daunting task. Semi-structured interviews provide a middle ground: sufficient anchors to identify
relevant sections, which can be further analyzed for themes and other features.
Understanding the personal experience of loneliness is limited by the labor-intensive nature of qualitative text analyses, often restricting
the sample size to 20-30 interviews. The use of Natural Language Processing (NLP) would expand how many transcripts can be assessed,
reduce the potential for human bias and error, as well as allow quantification of text features that indicate loneliness in older adults. We
explored the use of NLP and AI to advance our understanding of loneliness. We will expand upon a recently submitted study of loneliness
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in older adults (5) to examine the potential of AI in the study of loneliness as well as its limitations in understanding subjective inner states.
The original study employed NLP and machine learning (ML) models to identify specific text features from interviews conducted with
lonely older adults and to test predictive modeling.

2 Methodology of original study
The study included participants who were recruited from the independent living sector of a senior housing community in San Diego
County. Trained study staff conducted semi-structured interviews with all participants. The data was collected in person as audio
recordings which were later transcribed (manually). Figure 1A shows the age and gender distribution for the sample of 80 transcripts for
which we have associated scores. In general, the interviews lasted between 1.5-2.5 hours, however the duration (time) of the interview
specifically related to loneliness is unavailable. Duration of the entire interview is indirectly available through distribution of length of
interview in words (Figure 1B). All interviews followed a semi-structured format with a single trained interviewer to reduce biases in
collecting the data. The interview format followed a predetermined list of broad, research-driven probes developed by study investigators
(6). Question 1 (Q1) Do you ever feel lonely, and if so, how often? If the participant endorsed feeling lonely, the follow-up question was:
(Q2) What does loneliness feel like to you? If the participant denied feeling lonely, the follow-up question was: (Q3) Why do you think
others may feel lonely? Each interview was audio-taped and transcribed.
We employed two main measures of loneliness (quantitative and qualitative measures.)

Figure 1A: Sample characteristics: gender and age distribution

Figure 1B: Sample characteristics: distribution of interview length

Quantitative loneliness measure: The UCLA Loneliness Scale (Version 3) or UCLA-3 is the most commonly used measure of
loneliness, with strong test-retest reliability, high internal consistency, and validity (7). The 20-item scale never explicitly uses the word
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“lonely” and asks participants about the frequency of specific experiences (e.g., “How often do you feel in tune with others around you?”)
on a 4-point Likert scale (1=“I never feel this way” to 4=“I often feel this way.”) Quantitative loneliness was defined by (7): Total score ≤
40 = Not lonely, Total score >40 = Lonely.
Qualitative loneliness measure: Ground truth for interview-based or qualitative loneliness was established by manually interpreting the
response text to Q1as acknowledging or denying loneliness, with high interrater agreement (n=2, Kappa = 0.90).
The interview transcripts are processed as shown in Figure 2. The process involves identification of relevant sections in the interview using
Term Frequency-Inverse Document Frequency (TF-IDF) techniques followed by analyzing embedded sentiment and emotions using cloud
based Natural Language Understanding (NLU) system by IBM. These are included in the core set of features in ML-based classification, in
the final step.

Figure 2: Processing of interview transcripts

2.1

TF-IDF

Due to semi-structured nature of the interview and unconstrained responses from interviewee, we identified location of relevant questions
(and subsequently, the responses) using Term Frequency – Inverse Document Frequency (TF-IDF) techniques (8, 9), that are commonly
used in document retrieval and data mining (10). The TF-IDF scores also serve as features in ML classification (described later). In the
transcripts, each question starts on a new line preceded by the “Q:” characters. Each question is analogous to a “document” and the
transcript to a “corpus” in TF-IDF terminology. For each transcript, the Q1 responses were extracted and subjected to sentiment and
emotion analysis described in the following sub-sections.

2.2

IBM-NLU

The IBM Cloud™ includes a suite of advanced data and AI tools, and deep industry expertise to enable users to perform NLP analyses
[https://www.ibm.com/cloud]. IBM cloud includes infrastructure as a service (IaaS), software as a service (SaaS) and platform as a service
(PaaS) offered through a cloud delivery model. IBM NLU IV is one of the many AI services useful for sentiment and emotion analysis (1114).
Sentiment is represented as a number in range [-1.0, 1.0], indicating speaker is in (total) disagreement or (total) agreement with the
current context of conversation. Emotion is a 5-tuple (a, f, s, n, j) containing values in range [0, 1] in proportion to the strength for each
dimension of emotion (angry, fearful, sad, neutral, joy) interpreted from the text.

2.3

ML Classification & results

The sentiment and emotions obtained from analysis of response to Q1, and TF-IDF scores to top matching documents to Q1, Q2 & Q3 are
used as features. Of note, presence of Q2 and Q3 depended on the interviewee’s response to Q1. The above listed features are used to
classify interviewees into qualitative loneliness categories [True, False] and quantitative loneliness categories [True, False]. ML
performance was assessed using Orange (15) with 80-20 training-test split.
We achieved an F1 score of 0.94 using kNN for qualitative loneliness classification and F1 score of 0.74 using ANN (tanh activation)
for quantitative loneliness, respectively. The computed values (IBM emotions and sentiments) strongly enhance classification of
quantitative loneliness (F1 score reduced from 0.74 to 0.49 when emotions and sentiment were excluded). Similarly, the performance on
qualitative assessment prediction dropped from F1 score of 0.94 to 0.88 when these features were excluded.
Feature ranking results using various methodologies are provided as a part of the original study (5). The results reflect the expectation
that the response-text based classification performed much better on qualitative classification compared to quantitative classification.
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Quantitative classification despite lower performance, could tap into emotion-based cues capturing some information available through
UCLA-3 questionnaire.

3 Discussion
3.1

Limitations of “ground truth” for psychological constructs

Ground truth designations drive the utility of AI models, however in the case of loneliness, the assessment of this internal experience is not
straightforward (Figure 3). While the UCLA-3 is a popular and validated research assessment of loneliness, it has the inherent limitations
of all self-report measures. Participants may feel inclined to give socially desirable responses or their recall may be skewed by recent
experiences. The UCLA-3 scale does not explicitly use the word “lonely,” as it aims to assess the scale developer’s construct of loneliness.
On the other hand, individuals may have a different conceptualization of loneliness, which may be reflected in their quantitative assessment
or self-acknowledgement of loneliness within the interview (Agreement between qualitative and quantitative agreement, kappa=0.28). Last,
the UCLA-3 focuses on loneliness as a trait, rather than a state. For some, loneliness may be a transient experience triggered by social
rejection or isolation and relieved by companionship or engagement in meaningful activities; while for others, loneliness may be a
persistent and debilitating state that leads to further social withdrawal. AI techniques are well-suited to studying the nuanced nature of
loneliness by utilizing longitudinal data and associated changes in behavior and mood.

Figure 3: Acknowledged (qualitative) vs. assessed (quantitative) loneliness by sex, highlighting a lack of a common ground truth.

Loneliness impacts multiple areas of functioning: cognitive, affective, and behavioral. Thus, all of these should be considered in the
development of assessments that capture both subjective experiences of and objective manifestations of loneliness. Furthermore, in the case
of individuals who experience transient lonely states, data from a single time-point may not capture their full experience. Continuous
longitudinal data will be required to establish ML and NLP are well-suited to incorporate heterogeneous and longitudinal multi-modal datastreams. Indeed, novel measures of loneliness, incorporating cognitive, affective, and behavioral elements, could be developed using ML
technologies; thus, creating a comprehensive loneliness assessment.

3.2

Examination of language and speech data for behavioral concepts

The use of AI to analyze language and speech data for psychiatric research and clinical care has not fully realized, likely due to recent
advances in NLP and speech analytic tools as well as the reliance on rapport-building and behavioral observations in psychiatry (16). Due
to the unique voice and linguistic signatures of individuals, large datasets of well-characterized individuals will be needed to examine
subtle nuances like pitch or phrasing in the context of loneliness. The original study was a proof-of-concept examination of transcribed
speech data – examining sentiment and emotion using NLP tools in a modest sample (~80 individuals). Further analyses of covariates like
gender, marital status, and other relevant demographic and clinical variables would require a large dataset. In addition, validation of ML
models in independent cohorts is key for generalizability and robustness. Subtleties like speech patterns and inflection may convey an
individual’s internal emotional state, though the “ground truth” for each individual would require extensive data.
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Developing large deeply phenotyped data remain a great challenge, as researchers aim to create precision medicine models – allowing
for the prediction or treatment of illnesses among characterized groups of individuals. Creating AI models that are clinically interpretable is
also important to further our knowledge of mechanisms of and treatments for mental illnesses.

3.3

Limitations of AI tools

Despite our original study achieving high performance metrics (F1 score, Accuracy and Recall) for qualitative and quantitative loneliness
classification tasks (5), only a few direct conclusions could be drawn, mostly about the relative merits of the features. Most of the
knowledge is captured by weights of the hidden layer(s) which are opaque to interpretation. Yet, these internals are highly exposed to any
changes in how features are computed. In our setup any change to the underlying NLU tool can render it unusable without retraining.
Several NLP/NLU systems use word-embeddings, effect of using new set of embeddings is not predictable.
Commercially developed NLP tools, such as the IBM NLU tool in particular, were designed for analyses of conversational text, rather
than for clinical use. The specific context of the speech data may alter the utility for analyzing specific mental health-related purposes.
Furthermore, such tools may have evolving and proprietary algorithms which could affect the results. In the future, such tools may require
cross-disciplinary expertise in AI and mental health to maximize interpretability of results as well as ethical systems to ensure privacy of
data, safe clinical implementation, and minimizing risk to patients and clinicians.

3.4

Insights into loneliness

AI tools can offer much more than classification. We hypothesized that the emotions embedded in the response to the loneliness question
will mirror an individual’s notion of loneliness. We used the median values reported in the responses to characterize the emotions
associated with loneliness.
Emotions associated with loneliness: The figure displays components (median values) of emotion on five-dimensions (fear, anger, sad,
neutral and happy). Amongst those reporting loneliness, the presence of higher components of fear and sadness seems plausible
composition of the feeling of loneliness (not a statistically significant finding) (Figures 4A and 4B).
It should be noted that loneliness is a complex emotion and we are limited in its analysis by the underlying implementation. It has only a
few basic emotions defined. This leads to a very simplistic notion of loneliness, constrained by extraneous implementation factors.
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Figure 4: Emotional composition of response to loneliness question 1, “Do you ever feel lonely and if so, how often?” A) qualitative
assessment of loneliness based on self-acknowledgment during the interview B) UCLA-3 loneliness scale assessment. (N: Non-lonely,
Y: Lonely)

3.5

Clinical Applicability

This proof-of-concept study highlighted the potential of using NLP and ML techniques to provide novel insights into psychological
constructs like loneliness. NLP can scale-up the analyses of qualitative data from a large and diverse sample of individuals, while ML
models can examine these text features in relationship to multimodal data, including demographic and scale-based constructs. Someday,
such systems could evolve to remotely assess loneliness based on speech data as well as other key demographic, clinical, and behavioral
features. Developing and applying AI tools appropriately to psychiatric research will require cross-disciplinary teams that span the
expertise of both AI and mental health.

4 Conclusion
NLP and ML are effective tools to empirically examine fuzzy psychological constructs like loneliness. State-of-the-art sentiment and
emotion analyses (e.g. IBM Watson NLU tool) can provide insights into composition of a complex emotional state. Using NLP, we can
examine transcribed speech data from a large number of individuals. Our experiments with features extracted from the response text
highlights the predictive value of ML techniques for loneliness.
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