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ABSTRACT 
 
Attempts to predict mental health vulnerabilities in everyday 
social media messages have proliferated rapidly over the last 
decade. It remains unclear how mental health technology 
providers or clinicians can use predictive linguistic models from 
such research to serve their clients. To explore methods of 
profiling mental health status based on language used in a neutral 
setting (i.e., where people are not discussing mental health), we 
used an array of machine learning and regression models to 
classify posts from neutral Reddit forums as written by depressed 
users (self-identified) or random controls (N = 1,121). Predictive 
linguistic features included dictionary-based categories (e.g., 
LIWC variables), parts of speech, and character n-grams. The 
best-performing classifier was a convolutional neural network 
model, which is not interpretable in a traditional sense by 
practitioners or mental health technology users. We discuss the 
possibilities of reverse-engineering psychological insights from 
“black box” machine learning models and otherwise using these 
models to advance theory in behavioral science. Finally, we 
consider ethical and practical considerations of our findings for 
mental health technology applications. 
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1 Introduction 
For practitioners and researchers in mental health technology, 
balancing prediction and insight is a perpetual struggle with far-
reaching ethical and practical implications. Both prediction (of a 
mental health event or status) and insight (into why that event is 
taking place) are clearly of use to mental health professionals, and 
neither is sufficient on its own, in terms of advancing science or 
fulfilling ethical obligations to clients or users. Using a decade-long 
record of depression forum users and presumed non-depressed 
comparison users as a test bed, the current project explores how to 
navigate this trade-off using a combination of neural network 
approaches and more interpretable logistic regression models. We 

then speculate on the possibilities and pitfalls of reverse-
engineering insights from opaque machine learning models. Last, 
the ethical responsibilities of mental health technology developers 
and practitioners are discussed in the context of prediction-insight 
tradeoffs in basic and applied research in this field. 

Data-driven methods from computer science and 
computational linguistics are increasingly mainstream, with 
machine learning models being used across diverse fields to predict 
outcomes ranging from movie preferences [1] to healthcare system 
burdens [2]. As deep learning and other neural networks become 
more accessible to people without computer science training, 
including psychologists and mental health practitioners, 
prioritizing prediction over insight has gained traction. If the aim 
of behavioral science is to predict real-life behavior, then 
prediction—even in cases where the underlying model is a black 
box that cannot be opened or interpreted—should have primacy 
over theoretical insight (see [3]). The standalone value of prediction 
is particularly salient in cases where the behavioral outcome has 
relevance to life-or-death outcomes, such as mental health crises 
(e.g., suicide attempts or substance use relapse [4]), disease 
outbreaks [5], or crime [6]. That is, if an event can be predicted, it 
may be possible to prevent it with interventions, even if the 
predictive features in the model are not known or knowable. More 
broadly, mental health practitioners may be interested in predicting 
more quotidian clinically-relevant events that may be bellwethers 
of future crises, such as discontinuing use of some mental health 
treatment (e.g., therapy or a mental health technology app). 

Aside from the practical case for valuing prediction over 
insight, there are historical and empirical reasons for believing that 
observational data provides a better foundation for theory than 
hypotheses. A tradition of focusing on theories over naturalistic 
data (or insight over exploration) in psychology may have 
contributed to the ongoing replication crisis in psychology. In much 
of the 20th and early 21st century, unexpected psychological 
findings were shoehorned into existing theories post hoc, with 
authors claiming to have predicted what they found based on 
theory—a practice that ironically implicated exploratory research, 
and not incorrect theories, as the culprits behind reproducibility 
problems [7]. As early as Francis Bacon’s work in the 17th century, 
philosophers and scientists have observed that beginning empirical 
research with theory rather than inductive observation tends to 
produce dogmatic research and confirmation biases [3, 8]. Indeed, 
a key cause of the replication crisis in psychology may have been 
researchers’ tendency to believe established theories over their own 
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and others’ data, leading the field to discredit null results that, had 
they been published, would have helped falsify incorrect theoretical 
models [9, 10]. Thus, the replication crisis and subsequent 
reproducibility movement in psychology have led some to argue 
for more precise theory-testing [11], and others to propose that we 
prioritize prediction—even in cases where theoretical explanations 
for model-based predictions are not immediately clear [3, 12]. 

Mental health technology practitioners tend to be more 
concerned with responsibilities to their users or clients than theory 
development. The aims of mental health technology applications 
vary across platforms, but include reduced psychological distress 
(e.g., fewer or less severe symptoms), increased well-being, and 
improved social support, often achieved by providing a space for 
affiliation with others who share mental health conditions or life 
experiences [13]. Theory-based research has the complication, in 
applied mental health interventions, of being tied to specific 
measures (e.g., validated scales) that are easier to use in laboratory 
studies than the field. Naturalistic user data from mental health 
technology websites and apps show that a low proportion of users 
are willing to complete standard psychometrically validated self-
report assessments of long-term mental health outcomes over 
multiple time points [14]. Predictive models based on rich 
naturalistic data will typically forecast mental health events (e.g., 
crises or turning points, such as suicide attempts [15]) better than 
sparse or absent survey data, regardless of how sound the surveys’ 
underlying theories might be.  

Clinical psychology, on the other hand, traditionally is more 
oriented towards explanatory theories than predictive models based 
on data alone. Whereas the goal with mental health technology 
platforms (e.g., apps, websites) may be to reach some threshold of 
accuracy for predicting users’ mental health crises [16], clinicians 
tend to operate face-to-face and one-on-one, basing diagnostic 
decisions on case histories and structured clinical interviews rather 
than individual out-of-context statements [17]. Practicing therapists 
in particular may find limited value in opaque predictive models 
that cannot offer insights into human behavior or help reveal the 
mechanisms underlying changes in mental health. Focusing on 
interpretation and applications does not entail that theory always 
trumps data in clinical psychology, however. Indeed, many clinical 
psychologists see limited use in the fine-grained diagnostic 
categories and checklists of the Diagnostic and Statistical Manual 
of Mental Disorders (DSM-5 [17]), preferring instead to use a 
transdiagnostic approach that emphasizes common mechanisms 
(e.g., affect dysregulation) over specific disorders [18]. That 
approach is broadly consistent with the perspective, gaining 
traction in computational social science [19] and social psychology 
[20], that the presumed ground truth of surveys will soon be 
replaced by quantitative measures of everyday behaviors, such as 
posting on social media or online forums, like Reddit.  

Social psychology—the study of social influence in non-
clinical populations—and computational social science tend to 
occupy a middle ground, integrating theory-based and data-driven 
methods. As the ongoing COVID-19 pandemic normalizes social 
isolation and associated depression, anxiety, and suicide ideation 
symptoms [21], social psychology is increasingly relevant to 

mental health—a realm previously considered strictly the 
jurisdiction of clinical or abnormal psychology. And as the mental 
health crises related to both COVID-19 and the George Floyd and 
Black Lives Matter movements become more salient, there is an 
increasingly urgent need for practical, user-friendly strategies for 
gaining both causal insights and near-future predictions from 
readily available naturalistic data, such as social media messages. 

The following project uses an interdisciplinary computer 
science and social psychological approach, which focuses on 
maximizing predictive accuracy while at the same time considering 
the relevance of this work to theory-building and mental health 
technology applications. Specifically, in a sample of Reddit users 
posting over the course of 10 years, we used a variety of logistic 
regression and neural network models to predict whether a post 
from a neutral forum (i.e., not about depression or mental health) 
was written by a self-identified depressed individual or a randomly 
selected control user who had never posted in a depression forum.  
 
2 Method 
 
Data collection and analysis followed the following steps: 
 Step 1: Data collection. Using a Python-based crawler, we 
gathered a total of 303,649 posts from 16,617 subreddits 
representing a total of 11,630 users (averaging 26.1 posts per user) 
over 10 years (February 2009-February 2019).  
 Step 2: Classifier Creation. In order to detect depression-
related posts as compared to neutral posts, we harvested 7,115 
depressed posts (using the original post only, excluding replies and 
comments) from r/Depression and 10,000 non-depressed posts 
from r/AskReddit, representing prototypical depressed and neutral 
forums, respectively. We then built a classifier to distinguish 
between those categories (see Table 1).  
 Notably, r/AskReddit, the prototypical neutral forum, is not 
entirely positive. Rather, it covers a range of topics that site users 
are concerned or curious about, which at times includes daily life 
stressors (e.g., family conflict, pet peeves), but does not specifically 
or frequently deal with topics such as diagnosed mental health 
conditions. The aim was to select a comparison forum that 
represented the range of positive and negative conversational topics 
that a person would encounter on Reddit outside of a dedicated 
mental health forum. 
 
Table 1. Neutral and Depression-Related Forum Examples 

Depressed Neutral 
r/depressed r/nocontextpics 
r/depression r/hardwareswap 
r/depression_help r/androidapps 
r/ForeverAloneDating r/todayilearned 
r/depressionregimens r/tipofmytongue 

  
 We used bag-of-words features and applied logistic 
regression, random forests, and an SVM classifier which achieved 
the following results (Figure 1; we randomly split the training and 
test data according to size in the chart).  Overall precision was 
0.88 and recall 0.91 for the logistic regression classifier. 
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Figure 1. Model accuracy comparisons as a function of 
training sample size. 
  
 Step 3: Post classification. Based on the classifier built in step 
(2), we analyzed all subreddits (i.e., forums) with over 50 posts and 
classified the posts. Forums with at least 80% of posts classified as 
depressed were tagged as depressed forums, and those with fewer 
than 20% of posts classified as depressed were categorized as 
neutral forums (Table 2).  
 Note that many forums had between 20% to 80% posts 
classified as depressed and hence were not categorized either way, 
including mental health support forums (e.g., r/ADHD) and others 
that are not directly depression-related but are not neutral (e.g., in 
the latter group, r/me_irl commonly involves emotional self- 
disclosures that may be relevant to depression). 
 
Table 2. Predicted and Actual Post Classifications 
 
 Step 4: Depressed user identification. We identified users who 
posted in subreddits that were tagged as depressed in step (3) and 
identified themselves as depressed (i.e., stated “I was diagnosed as 
depressed” or “my depression,” or mentioned explicit depression 
treatments), resulting in 1,593 users. 
 Step 5: Collecting neutral posts by depressed individuals. For 
the 1,593 users we found in step (4), we identified all their posts in 
other forums, including neutral forums (as detected in step 3). Of 
the users previously operationalized as depressed (step 4), 938 had 
also posted in a neutral subreddit. For these users, we collected 
2,981 posts from neutral forums 
 Step 6: Neutral user identification. We gathered a random 
sample of 183 users who did not post in depression forums, had 
more than 12 posts on average, and also posted in the same neutral 
forums in which the depressed users had posted. We collected 
2,822 posts from these users, resulting in the following dataset of 
users and posts from neutral forums (Table 3): 

 

Table 3. Sample Sizes for Depressed and Control Users 

  Neutral Users Depressed Users 

Individuals 183 938 

Posts 2,822 2,981 

 
 Step 7: Neutral post classification. The aim was to build a 
classifier that can classify whether neutral posts (from a neutral 
forum) were written by a depressed person or not. To achieve this, 
we took the posts from step 6 (all written in neutral forums) and 
built a classifier that identifies author type (depressed or neutral). 
In order to prevent bias due to the difference in the number of users 
from each group, we balanced the groups to represent 140 random 
users from the depressed group (1,441 posts) and 134 from the 
neutral group (1,425 posts). Approaches included bag-of-word (top 
10000 unigrams), Linguistic Inquiry and Word Count (LIWC) 
variables [22], character n-gram (n = 3, and character level sliding 
window n = 150 for the convolutional neural network, or CNN) all 
features were normalized to t-distribution such that  𝜇	= 0 and 𝜎 = 
1. We applied classifiers using logistic regression (BGFS solver 
and up to 1,000 iterations), random forest (100 estimators with gini 
function and tree pruning for depth and items per node), SVM (RBF 
kernel and C = 1), and CNN (3 convolutional layers, Adam 
optimizer and activation function). We ran a 10-fold cross-
validation, where in each split, any given author (and that author’s 
posts) were either in the training or test set. Results are shown in 
Table 4; other classifiers performed similarly to CNN. 

Note that rather than expanding the neutral user sample, we 
reduced the depressed dataset to match the neutral sample. Future 
work will address that limitation by adding neutral user data. 
Table 4. Precision/Recall for Logistic Regression and CNN 
  

  Logistic Regression CNN 

Bag of words 0.51 / .51 n/a 

BOW+LIWC 0.55 / 0.44 n/a 

Char-n-gram + LIWC 0.41 / 0.61 0.62 / 0.88*  

Note: CNN = convolutional neural network. *Without LIWC 
features but with character n-grams. 

 
3 Discussion 

Results showed that a CNN model using a character-level 
sliding window (n = 150) outperformed more standard logistic 
regression using traditional predictive language features (bag of 
words, LIWC, or character n-grams). Note that logistic regression 
and similar classifiers do not work well on large n-grams but rather 
use word-based features. Whereas theory-consistent linguistic 
markers of depression representing affective words (e.g., sad, 
alone) or cognitive processes (self-focus, e.g., I, me) would have 
helped explain why a given user’s posts classified them as 

  Predicted Neutral Predicted Depressed 

Actual Neutral 8,912 1,088 

Actual Depressed 1,130 5,984 
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depressed or not [23], this more precise model, instead, leaves us 
wondering what led the model to perform as well as it did.  

There are at least two main approaches for reverse-
engineering theoretical insights from classifiers such as CNN, each 
with costs and benefits. First, it may be possible to correlate 
interpretable language features with the classifier to determine what 
cues it is focusing on (e.g., correlating all LIWC variables with a 
model’s predictions). Similarly, intuitive insights could be gained 
by asking clinicians to examine representative texts from the four 
cells in the classification model (Table 2). For experts trained in 
diagnosing mental health conditions, these texts may reveal 
patterns that are not apparent to either text analysis programs or 
researchers without clinical experience. Both of these quantitative 
and qualitative methods of reverse-engineering insights from black 
box models run the risk of identifying variables that are merely 
confounded with the true predictors, potentially leading researchers 
to base new models on psychometric red herrings.  

In cases where it is not feasible or advisable to read the 
proverbial tea leaves of a machine learning-based classifier, a third 
option is to use such models to either falsify or qualify existing 
theoretical models. If a theory-based predictor of depression 
correlates with depression but fails to provide incremental validity 
beyond a machine learning-based classifier, then the underlying 
theory may be inadequate. Along these lines, recent research in 
psychology has shown that previously found links between self-
referential language (specifically the pronouns “I” and “me”) and 
depression are better accounted for by a broader underlying trait—
neuroticism, or negative emotionality—which may be a common 
factor in many emotional disorders [24, 25]. In the same way that 
those null results have advanced psychological theory, finding that 
opaque classifiers outperform intuitive models based on clinical 
observations and theory-driven research should drive psychologists 
to improve their theories [3]—even if it means returning to the first 
step of the scientific method (“observe”), embracing exploratory 
research [8, 12], and recognizing that mental health in a digital 
setting could manifest in different ways than in the traditional, 
offline clinical setting. Indeed, in the future, classifier models built 
on naturalistic data (e.g., Reddit posts, naturalistic recordings of 
conversations) may lead mental health experts to redefine mental 
health conditions, anchoring operationalizations more closely to 
lived experiences.  

More broadly, the methods used in the present study—
classifying neutral texts as being written by a person who is 
depressed or not—have the potential to improve psychological 
theories of depression by making their predictions more domain 
general. Basing models of depression primarily on behavior in 
theoretically relevant settings, such as therapy sessions or theory-
based experiments, runs the risk of producing models that are 
limited to those specific contexts. Analyzing how people who 
identify as depressed behave in neutral conversations—for 
example, while inquiring about home improvement advice or 
commenting on video games—provides valuable naturalistic data 
that stands to improve the coverage of psychological theories of 
depression and other affective disorders. That is, independent of the 
practical applications of the deep learning models that performed 

best in the present study, we suggest that psychological theory 
would be improved by paying increased attention to how mental 
health conditions manifest in conversations that are not about 
mental health. Within-person comparisons also provide critical data 
on how an individual’s behavior changes across mental health 
relevant and neutral contexts, potentially revealing ways in which 
people attempt to (successfully and unsuccessfully) conceal or 
suppress mental health symptoms, such as anxiety [26]. 

The superiority of neural network models in the present data 
may relate to the nature of the classification task. Past studies of 
linguistic cues to depression have typically analyzed relatively long 
texts (e.g., essays, diaries) and measured depression symptoms on 
a continuous scale [27]. The task of classifying individual Reddit 
posts is complicated by both sparse data (short posts) and the binary 
outcome (depressed or not depressed). For example, one of the 
most face-valid predictors of depression in past work, negative 
emotional words (e.g., depressed, crying), tend to be used 
infrequently [28], especially outside of the context of close 
relationships [29, 30]. Thus, negative affect may have limited use 
in classifier models based on individual messages posted in public 
settings, like Reddit, even if it is a valid depression cue in other 
contexts.  

The ability to generalize from the present data to clinical 
samples is likely limited by our focus on people who self-identified 
as depressed in online forums and thus may not meet standard 
clinical criteria for depression [17]. However, by analyzing the 
naturalistic, everyday behavior of people outside of a clinical 
population, these data may better represent the general population 
than samples in randomized clinical trials. Predictive models from 
this project may be of particular use to mental health technology 
providers who aim to prevent major depressive disorder before a 
first depressive episode or treat subclinical depressive symptoms 
outside of traditional psychotherapy settings. Supporting the 
generalizability of this approach, evidence from other fields 
suggests that effect sizes and replicability from observational 
studies are similar to those of randomized clinical trials [31], 
especially when cross-validation is used to estimate reproducibility 
[3]. 

Unobtrusive depression detection in a digital community has 
promise as a means to direct users to appropriate supports. This is 
a particularly favorable prospect when it involves consenting 
individuals in a dedicated context (e.g. depression subreddits, 
anxiety apps), with some transparency as to the means of 
identification or how a given person “scored” in a depressive range. 
The implications of a non-consenting individual in a neutral forum 
being identified as potentially depressed by an incomprehensible 
neural network model are problematic, even with the best of 
intentions. Comparable efforts by Facebook to identify at-risk users 
based on the site’s usage data have been ethically fraught [32]. 
Beyond issues related to consent, being classified by an unknown 
algorithm as part of a stigmatized group (e.g., suicidal, depressed) 
may harm users through self-fulfilling prophecies or self-stigma 
[33]. One promising implication of this work relates to lightweight 
micro-therapeutic interventions in the form of assists from digital 
agents [34]. In the same way Google’s Smart Reply offers potential 
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response options in email, if a model were to unobtrusively identify 
a high probability of depression, digital agents could be empowered 
to provide users with messages regarding self-efficacy and skills-
based resources, or otherwise guide the user to disclose emotions 
and identify support needs.  

Carrying the potential of AI further, even an optimal deep 
learning-guided mental health application that individuals 
knowingly consent to use—for example, a digital phenotyping or 
“personal sensing” phone application that, based on individuals’ 
language use and application activity, provides support itself or 
guides a person to exactly the support that they need, when then 
need it—may have ethical shortcomings [34]. People tend to thrive 
when they feel that they have control over their lives and are 
capable of helping themselves [35, 36]. Furthermore, people tend 
to build resilience and coping skills by overcoming daily life 
stressors [37]. Thus, even in a hypothetical utopian future, where 
applications of AI in mental health technology are optimally 
accurate, this technology may decrease individuals’ perceived self-
efficacy and ability to cope with distress. A truly optimal AI 
application for mental health monitoring and interventions may 
therefore be one that takes these concerns into consideration by 
building in mechanisms to help individuals build coping skills, self-
confidence, and self-control, rather than giving users the 
impression that they are being sheltered or controlled. These goals 
could likely only be met under the governance of common-sense 
informed consent that users are fully aware of at all times, 
communicated in ways that make the intent and practice clear for 
all individuals. To ensure that users remain aware of what they have 
consented to over time, in the case of long-term use of services 
based on changing technology, it may be necessary to adopt a 
dynamic consent model that maintains an ongoing dialogue 
between the people who develop and use mental health technology 
[38]. 

Finally, despite cases like the present study where AI models 
outperform and have the potential to improve human theories, it is 
important to remember that theory can provide guidance to and 
scaffold machine learning models as well. Machine learning 
models are of course only as good as the data on which they are 
based. Theoretical models from the behavioral and social sciences 
can help to narrow the search space for both predictive features and 
data sources, increasing the likelihood that machine learning 
models will be able to predict outcomes efficiently and reliably in 
the relatively small samples that mental health care providers and 
researchers deal with most frequently (e.g., clients in 
psychotherapy, participants in a research experiment, or users of a 
mental health technology app). Furthermore, theories from 
psychology and other behavioral sciences, such as communication 
and sociolinguistics, can help to make sense of contextual 
moderators of model-based predictions. For example, theoretical 
insights may be able to provide predictions regarding how the 
ongoing coronavirus pandemic or Black Lives Matter movement 
will affect models based on data collected before these cultural 
events.  

Prior to the widespread implementation of highly precise yet 
incomprehensible models in digital mental health, policymakers, 

developers, and designers should be aware of their responsibilities 
in the same way that researchers adhere to ethical standards of 
respect, beneficence, and justice [39]. If not the precise signals, 
mental health technology designers should ensure a means to 
communicate the way a model works to a user with a naive theory 
of a model, akin to the Sorting Hat in Harry Potter explaining its 
classification process to first-year students [40]. Absent such 
explanations, the promise of computational linguistic machine 
learning models may remain largely siloed in computer science—
and using such methods in mental health technology may inflame 
users’ fear of data-driven algorithms rather than encouraging them 
to seek evidence-based mental health support. 
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