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• Why take psychiatry research online?

• Online methods
o Crowdsourcing 
o Smartphones 
o Scraping
o Proxies for physiology

• Characteristics of online samples
o Are they representative?
o Are mental health data valid?
o Are the data of acceptable quality?
o Are findings relevant for diagnosed patients?

Outline

Spoiler: yes.
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The problem: DSM disorders are the 
“ground-truth” for research

Obsessive Compulsive 
Disorder 

Major Depressive 
Disorder

• Patients are heterogeneous 
within-disorder

• Patients are similar 
across-disorder



The solution: redraw the lines
Symptom Dimension 1
Symptom Dimension 2
Symptom Dimension 3

Treatment Dimensions? Brain Dimensions? Genetic Dimensions?
Cognitive Dimensions? Environmental Dimensions?



To do this well, we need big samples.

People living in Dublin : 500,000
People using the Internet : 3,200,000,000



Why you should think about going online

MONTHS

1211109876521 43

Lab-based

Online w/phone

N=17
OCD

N=1400
General 
population

Lab-based
N=9
OCD 
CBT longitudinal

Crowdsourcing

N=200
OCD/GAD
(40% longitudinal)



• Sample size (>3.2 billion people use the internet)

• Access select populations (geography, age, race, clinical condition, 
socio-economic status, etc.)

• Speed (hundreds/thousands of subjects per day)

• Low cost (but it depends)

• Anonymous participation (sensitive populations)

• Reproducibility/standardization (same test, different lab)

• Exploratory vs. confirmatory research

Why you should think about going online
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Crowdsourcing Platforms
1. Internal Amazon Problems:

What is the title of this book? 

2. Internal Market Research
Which cover do you prefer?

3. Opens to everyone:
Transcribing audio files, writing 
descriptions of complex scenes, 
answering surveys, ranking 
products and full-scale 
psychology experiments

There are things that 
humans can do better than 

computers



• Recruit from this global 
workforce at an 
unprecedented rate.
e.g. N>1400 in 10 days

Conduct psychology research 
with sophisticated, interactive 
cognitive tests

Crowdsourcing Platforms

Crump et al., 2013

• Reproduces classic 
psychology effects
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Obsessive-Compulsive 
Disorder

The initial finding that social anxiety disorder is associated with
a loss of goal-directed action control is consistent with previous
studies demonstrating effects of both acute [14] and chronic [37]
stress using similar tasks, albeit in normal adults and rodent
models. However, the finding that reduced performance in
extinction for actions that earned valuable outcomes was
associated with greater anxiety and psychological distress is of
particular interest. Recent reviews have argued that changes in
emotional states, due to deficits in top-down mechanisms required
for appropriate action control, could mediate both the behavioral
inflexibility and negatively biased cognition associated with anxiety
[4,38]. Such arguments are consistent with approach-avoidance
models [39], that suggest that anxiety or stress is associated with an
inhibition of approach towards potentially rewarding outcomes,
and a bias towards potentially aversive consequences. As anxiety
has been argued to be related to an inability to process rewarding
information appropriately to guide actions [4], social anxiety
disorder may therefore reflect a dysregulation in the ability to
adequately integrate knowledge about changes in outcome value
to subsequently guide approach-related actions, independent of
any social stimuli or stress induction. This may be particularly
pronounced in those patients exhibiting higher levels of psycho-
logical distress and anxiety.

In terms of treatment response, individuals with social anxiety
disorder exhibiting less goal-directed actions predicted poorer
response to gold-standard cognitive-behavioral therapy. Such
treatments aim to enhance approach with feared social stimuli,
whilst reducing negative beliefs about expected outcomes.

Specifically, learning that a feared outcome will not occur during
exposure therapy is considered the analog to extinction in animal
learning models. Although this study cannot determine how causal
the relationship between goal-directed behavior and treatment
response is, it does suggest that resistance to extinction during
therapy is partially due to an inability to integrate changes in
information from the environment to guide subsequent decision-
making. Thus, individuals who are better at updating their actions
with respect to changes in an expected outcome in the
environment may be more likely to respond best to such
treatment.

A range of hypotheses have been put forward to explain why
stress and anxiety biases the expression of habitual actions,
including frontostriatal reorganization [37], striatal dysfunction
[40], noradrenergic activity [41], or possibly involvement with the
autonomic nervous system [40]. In healthy humans, habitual
actions are associated with increased activity in the posterior
putamen [11] and stronger white matter tract connectivity
between the putamen and premotor cortex [42], whilst goal-
directed behaviors activate prefrontal regions [12,43] and are
associated with increased white matter connectivity between the
ventromedial prefrontal cortex and the caudate [42]. These
dissociable pathways are likely the human homologs of well-
established regions in rodent models, specifically the dorsolateral
and dorsomedial striatum [6]. Limited volumetric neuroimaging
studies have been conducted in social anxiety, however study some
evidence suggests that there is a greater age-related changes in
putamen volume in patients with social anxiety, compared to

Figure 2. Difference in mean rates of responding for actions predicting valued relative to devalued outcomes over the last block of
training and extinction trials in controls compared to social anxiety disorder patients. Error bars depict standard error of the mean
difference between controls and patients. *p,.05.
doi:10.1371/journal.pone.0094778.g002
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Gillan et al., eLife, 2016

Are goal-directed deficits characteristic of a 
trans-diagnostic dimension?

Symptom Dimension 1 Symptom Dimension 2 Symptom Dimension 3

Obsessive Compulsive 
Disorder 

Social Anxiety 
Disorder
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But… these scores reflect 
overlapping constructs

Gillan et al., eLife, 2016

Are goal-directed deficits characteristic of a 
trans-diagnostic dimension?
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Impulse buying

repetitive checking

alcohol dependence
disturbing thoughts

cannot control thoughts

binge eating



Rouault et al.  Supplement 

 18 

 
 

Figure S8 (related to Figure 4). Associations between metacognitive variables and the three 
symptom dimensions from the factor analysis, controlling for decision formation (accuracy and 
all DDM parameters), age, IQ and gender. Relationships between psychiatric factors and both 
confidence level and metacognitive efficiency were maintained when additionally controlling for 
aspects of decision formation. The Y-axis indicates the change in each dependent variable for each 
change of 1 standard deviation of psychiatric symptoms. Error bars denote standard errors. op<.05 
uncorrected, ***p<.001 corrected for multiple comparisons over the number of dependent variables 
tested. 
 
 
 

 
 
Figure S9 (related to Figure 3). Correlations between item loadings from the factor analysis in 
Gillan et al., (2016) and the present study for the three symptom dimensions. Questionnaire item 
loadings were highly correlated indicating recovery of similar symptom dimensions across the two 
studies. 
 
 

The factor structure can be independently reproduced

Patzelt et al., Biological Psychiatry, 2019 

The association with goal-directed planning replicates
Rouault*, Seow*, et al., Biological Psychiatry, 2018 



Rouault*, Seow*, Gillan & Fleming, Biological Psychiatry, 2018

Can we use this method to study metacognition
in anxious-depression?

Depressive 
realism
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Is confidence expressed transdiagnostically?

Rouault*, Seow*, Gillan & Fleming, Biological Psychiatry, 2018



Incorrect

Confidence

Confidence

Metacognitive bias
over/under-confidence

Metacognitive 
sensitivity 
“correct about being 
correct” 

Fleming & Lau Frontiers in Neurosci (2014)

Correct

Using confidence to unpack the role of 
metacognition in anxious-depression
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Metacognitive Sensitivity in anxious-depression

Rouault*, Seow*, Gillan & Fleming, Biological Psychiatry, 2018
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Smartphones



Smartphones for Large-Scale Citizen Science

• Really large samples 1000s
• Repeated within-subject, 

longitudinal assessment

• Gamified versions of 
cognitive tests

• Play as much as you like

The model What you get



Smartphones for Science

4.3 million downloads!

Hugo Spiers et al., at UCL
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Figure 1 | Game design and spatial ability dis-
tribution across age, gender, and nations. a-b
Wayfinding task: a map of the level featuring the
ordered set of checkpoints to reach is presented
and disappears when the game starts. (c) Super-
position of 1000 trajectories randomly sampled
from level 32. (d) Path integration  task: after
navigating the level, participants must shoot a
flare back to the starting point. (e) Evolution of
overall performance (OP) across age and gender.
OP is the first component of a Principal Compo-
nent Analysis (PCA) across duration, trajectory
length and flare accuracy corrected for video ga-
ming skill. Data points correspond to the average
OP within 3-year windows. Error bars corres-
pond to standard errors.  f-g Five world clusters
of people with similar spatial navigation abili-
ties. Conditional Modes (CM) is  is the diffe-
rence between the global average predicted
response and the response predicted for a parti-
cular country (the lower the better). (h) Corre-
lation between country performance (CM) and
GDP per capita (r=0.69, p<0.001). (i) Correla-
tion between gender estimates from a multiple
linear regression (OP ~ age + gender) and Gen-
der Gap Index (r=0.52, p<0.001).
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Figure 1 | Game design and spatial ability dis-
tribution across age, gender, and nations. a-b
Wayfinding task: a map of the level featuring the
ordered set of checkpoints to reach is presented
and disappears when the game starts. (c) Super-
position of 1000 trajectories randomly sampled
from level 32. (d) Path integration  task: after
navigating the level, participants must shoot a
flare back to the starting point. (e) Evolution of
overall performance (OP) across age and gender.
OP is the first component of a Principal Compo-
nent Analysis (PCA) across duration, trajectory
length and flare accuracy corrected for video ga-
ming skill. Data points correspond to the average
OP within 3-year windows. Error bars corres-
pond to standard errors.  f-g Five world clusters
of people with similar spatial navigation abili-
ties. Conditional Modes (CM) is  is the diffe-
rence between the global average predicted
response and the response predicted for a parti-
cular country (the lower the better). (h) Corre-
lation between country performance (CM) and
GDP per capita (r=0.69, p<0.001). (i) Correla-
tion between gender estimates from a multiple
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Coutrot et al., Current Biology, 2018

N>500,000Spatial navigation differences across 
country and sex
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Figure 1 | Game design and spatial ability dis-
tribution across age, gender, and nations. a-b
Wayfinding task: a map of the level featuring the
ordered set of checkpoints to reach is presented
and disappears when the game starts. (c) Super-
position of 1000 trajectories randomly sampled
from level 32. (d) Path integration  task: after
navigating the level, participants must shoot a
flare back to the starting point. (e) Evolution of
overall performance (OP) across age and gender.
OP is the first component of a Principal Compo-
nent Analysis (PCA) across duration, trajectory
length and flare accuracy corrected for video ga-
ming skill. Data points correspond to the average
OP within 3-year windows. Error bars corres-
pond to standard errors.  f-g Five world clusters
of people with similar spatial navigation abili-
ties. Conditional Modes (CM) is  is the diffe-
rence between the global average predicted
response and the response predicted for a parti-
cular country (the lower the better). (h) Corre-
lation between country performance (CM) and
GDP per capita (r=0.69, p<0.001). (i) Correla-
tion between gender estimates from a multiple
linear regression (OP ~ age + gender) and Gen-
der Gap Index (r=0.52, p<0.001).
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Big Data samples can rapidly generate norms.
to refine the population data, education did not have a compelling
effect on navigation performance in the global SHQ database.
Further research is required to determine what demographic factors
beyond age, sex, and nationality will increase the sensitivity and
specificity of navigation test for underlying preclinical AD.
Despite illustrating the clinical utility of epidemiological data

gathered on a global scale using the SHQ game, our study has
several limitations. First, we focus on preclinical rather than
symptomatic AD, seeking to evaluate the prognostic value of SHQ
rather than validate SHQ data as a potential diagnostic tool.
However, given that many excellent cognitive diagnostics mea-
sures exist for symptomatic AD, we question whether navigation
measures have true utility in this aspect. Instead, identification of
subtle cognitive preclinical changes will be of greater future im-
portance to complement other biomarkers as diagnostic and
treatment outcome measures. Second, only 47% of all e3/
e4 carriers develop symptomatic AD. This is consistent with about
50% of the e3/e4 individuals in this study being impaired relative
to the demographically corrected benchmark. Longitudinal studies
are needed to truly determine how predictive spatial navigation
combined with genotypic information is in the preclinical stages of
the disease however. Further replication of our findings with
preclinical cohorts defined by multiple cognitive, genetic, and
neurological markers is desirable, although it is promising that we
replicate previous boundary findings (7). Moreover, although ed-
ucation was considered in the individualized approach to diagnosis
of “at-risk” AD, ∼40% of the genotyped cohort has 15+ y of
education and 50% of the cohort working in “professional” fields
vs. skilled or low-skilled/manual, potentially leading to an over-
representation at the educated individuals in this genotyped
sample. Last, although best efforts were made to control for
gaming proficiency, we cannot completely rule out a potential
influence of previous gaming experience contributing to the ob-
served male advantage in the data. Still, considering that we are
investigating a 50- to 75-y-old cohort, gaming proficiency should
not play such a large role. More importantly, the difference of
male and females in the SHQ data across ages does not change,
suggesting that gaming proficiency plays only overall a minor role
in assessing spatial navigation via an online app.
In conclusion, our work supports the hypothesis that navigational

discrepancies are present in preclinical AD and can be captured by
SHQ. We show promising evidence that normative data generated
from the 3.7 million people who played SHQ worldwide may in the
future help us to create a prognostic test based on navigational

proficiency—to help us to understand how the very earliest symp-
toms of AD is in isolation of potentially confounding demographic
factors such as sex, advancing age, educational attainment, or cul-
tural background. This should reduce the problematic nature of
phenotype variation obscuring the assessment of spatial disorien-
tation as a first symptom of AD and offer the promise of in-
dividually tailored solutions in healthcare settings. Thus, spatial
navigation emerges as a promising cognitive fingerprint, which can
complement existing biomarkers for future AD diagnostics and
disease intervention outcome measures.

Materials and Methods
Participants.
APOE genotyped cohort. Between February 2017 and June 2017, 150 people
between 50 and 75 y of age were recruited to participate in a research study
at the University of East Anglia. All 150 participants were prescreened for a
history of psychiatric or neurological disease, history of substance de-
pendence disorder, or any significant relevant comorbidity. All participants
had normal or corrected-to-normal vision. Family history of AD and history of
antidepressant treatment with serotonin reuptake inhibitor drugs was ret-
rospectivity obtained. Saliva samples were collected from those who passed
this screening, and apoE genotype status was determined.

In total, 69 participants underwent cognitive testing. As just 23% of the
population carry APOE «3/«4, all participants in our sample who tested positive
for the «3/«4 allele completed cognitive testing. We selected a subset of the «3/
«3 carriers that form themajority of the population (75%) tomatch the «3/«4 risk
group for age and sex (see SI Appendix, Table S1, for group background char-
acteristics). We did not include a third genetic subgroup of homozygous APOE-
e4 carriers from the tested cohort, because they were too rare (n = 5), although
their scores are reported in SI Appendix. E2 carriers were also excluded.

During testing, three participants showed signs of distress, and their data
were excluded from subsequent analyses. One participant scored lower than
86 on the Addenbrooke’s Cognitive Examination and was classified as mildly
cognitively impaired and excluded from the study. The final group sizes
(postexclusion) were as follows: apoE «3/«3, n = 29, and apoE «3/«4, n = 31.
Written consent was obtained from all participants, and ethical approval was
obtained from Faculty of Medicine and Health Sciences Ethics Committee at
the University of East Anglia (reference FMH/2016/2017-11).
The benchmark population. A unique population-level benchmark dataset was
generated by extracting a subset of the global SHQ database (41) thatmatched

Table 3. Mixed effects of APOE genotype and demographic
factors on SHQ performance

Mixed linear
model outcome Fixed effect

b
coefficient SE F value P value

SHQ wayfinding APOE* 0.22 0.07 9.30 >0.005
distance Sex 0.02 0.084 0.44 0.12

Age 0.01 0.006 0.18 0.67
SHQ wayfinding APOE 0.04 0.15 0.07 0.77
duration Sex* 0.39 0.17 5.45 0.02

Age 0.01 0.01 0.11 0.74
SHQ flare APOE 0.04 0.01 2.19 0.14
accuracy Sex* −0.36 0.26 3.88 0.04

Age −0.02 0.39 1.08 0.30

Before the main analysis, competing mixed-effect models were tested to
examine the best model fit and model simplification based on standard Akaike
information criterion and Bayesian information criterion. The final model in
the table above (featuring subject-level random effects) was adopted since it
demonstrated the best model fit for the data and was retained for the main
analysis. Higher values on wayfinding distance and wayfinding duration indi-
cate poorer performance; conversely, higher values on flare accuracy indicate
better performance. *P < 0.05.

Fig. 3. ROC curves for SHQ distance [pink line (laboratory cohort); dark pink
line (laboratory–benchmark combined)] and nonverbal episodic memory
[gold line (laboratory cohort)] predicting APOE genotype. SHQ (laboratory
cohort): AUC, 0.714; SE, 0.068; 95% CI, 0.555–0.822 j SHQ distance (labora-
tory–benchmark combined): AUC, 0.701; SE, 0.031; 95% CI, 0.639–0.759 j
nonverbal episodic memory (laboratory cohort): AUC, 0.541; SE, 0.074; 95%
CI, 0.286–0.578.
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effect of the APOE e4 genotype than women at genetic risk. In
our opinion, this is a critical finding as it suggests that sex differ-
ence may not act on the phenotypic presentation of navigation
deficits in the early asymptomatic stage of the disease. A recent
metaanalysis (52) reports that women are particularly vulnerable
to early underlying pathology between the ages of 55 and 70. Thus,
whether sex and genotype interact to predict navigational ability
on SHQ in later preclinical or prodromal stages of AD remains to
be investigated. In the interest of diagnostic sensitivity, the time at
which an increased female susceptibility to underlying pathology
manifests behaviorally is a high priority. Although we found a sex-
independent navigational deficit in adults at genetic risk of AD,
evidence for strong spatial disparities on navigation performance
across the sexes globally (41) suggest that it is indeed appropriate
to consider the need to stratify risk assessment by sex. For ex-
ample, when genotype status is unknown, considering sex differ-
ence may hold prognostic value as many high-profile previous
studies already suggest (17, 21, 35).
Based on data presented here on a population level and

elsewhere, we now know that demographic diversity based on
age, sex, and nationality act on navigation proficiency, and men

perform better at digital and real-life spatial navigation tasks
(53). This finding, coupled with a plethora of preexisting evi-
dence for natural age-related decline in spatial navigation (26),
means that we must establish personalized normative measures
to accurately assess spatial disturbances that have not been well-
established as a underlying feature in preclinical AD pathology.
From a clinical standpoint, clinicians and researchers should be
advised to consider not only age but also the sex of their putative
patient before inferring pathological related spatial impairment.
From a research perspective, researchers should work toward
providing demographically corrected benchmarked scores for
standardized neuropsychological test. To date, obtaining nor-
mative data of this nature has been challenged by heterogeneity
in methodological approaches used to measure spatial naviga-
tion and uncertainty about population-level differences in cog-
nitive performance. Consistency across our nonrisk control
group and the benchmark scores is compelling evidence that
SHQ may provide unique benchmarking data, on a global scale,
by controlling for the demographical factors such as sex, advanced
age, and cultural background, factors that will alter how individ-
uals perform on SHQ (41). Although level of education was included

Fig. 2. Mixed-effects models, with subject-level random effects, adjusted for age, sex, and baseline cognitive ability show the following: (A) main effect of
genotype (b = 0.22; P = 0.004) on wayfinding distance; «3«4 carriers participants deviate from the more Euclidean trajectory leading to an overall greater
distance traveled to complete the wayfinding levels relative to the «3«3 carriers. (B) No main effect of genotype on wayfinding duration (i.e., time taken to
complete wayfinding levels); both groups used the same boat acceleration during wayfinding. (C) No main effect of genotype on flare accuracy, which
required participants to integrate newly acquired allocentric information with egocentric-viewpoint–based cues presented at the end of the level. The spatial
trajectory of each participant (colors red and green were used to differentiate the trajectories by the genetic groups) on wayfinding level 6 (D), level 8 (E), and
level 11 (F), using x and y coordinates generated during game play. The maps generated illustrated a drift-like navigation tendency in the «3«4 group that can
be characterized as navigational preference to deviate from the most Euclidean path and travel toward the border of the environment compared with the
«3«3 who demonstrated a preference to navigate more along the direct path to the checkpoint goal. A by-level analysis on wayfinding distance in the three
levels showed that the e4 allele increased wayfinding distance on level 6 (F = 5.48, P = 0.02) and level 8 (F = 4.08, P = 0.04).
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Spatial navigation performs 
better than test of episodic 

memory 



Scraping



Scared? You should be.

Kosinski, Stillwell and Graepel, PNAS, 2013

N=58,466
Study Design
• Acquired consent 
• Psychometric test scores (e.g. IQ)
• Survey information (e.g. democrat?)
• Data from profile, ~170 Facebook Likes 

per person

What do your       s say about you?

“Jesus’

“Taylor Swift’ “TED talks’

“Monster Munch”

Scraping social media
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Band formerly called “Burn the Priest”
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Scraping social media



Is there a wrong way to do this?



Yang & Kosinski, J Personality and Social Psychology, 2018

DEEP NEURAL NETWORKS CAN DETECT SEXUAL ORIENTATION FROM FACES 

 11 

 

A B 
Figure 1. Graphical illustration of the outcome produced by Face++. Panel A illustrates facial 214 

landmarks (colored dots, n=83) and facial frame (blue box). Panel B illustrates pitch, roll, and 215 

yaw parameters that describe the head’s orientation in space. 216 

 217 

The location of the face in the image, outlines of its elements, and the head’s orientation 218 

were extracted using a widely used face-detection software: Face++.3 Figure 1 shows the output 219 

of Face++ in a graphical format. The colored dots (Panel A) indicate the location of the facial 220 

landmarks outlining the contour and elements of the face. Additionally, Face++ provided the 221 

estimates of the head’s yaw, pitch, and roll (Panel B).  222 

Based on the Face++ results, we removed images containing multiple faces, partially 223 

hidden faces (i.e., with one or more landmarks missing), and overly small faces (i.e., where the 224 

                                                
 

3 Face++ can be accessed at http://www.faceplusplus.com.  

DEEP NEURAL NETWORKS CAN DETECT SEXUAL ORIENTATION FROM FACES 

 

 393 

Figure 4. Composite faces and the average facial landmarks built by averaging faces classified as most and least likely to be gay.  394 

Gender atypicality predicts 
gay and lesbian status 

Scraping without consent

• With 1 image per person, AUC = .81
• With 5 images, AUC > .90
• Algorithm outperformed humans 

(N=1000)



Backlash

”participants” 
(the people whose images were used) 

were not consented



Margaret Mitchell
Blaise Aguera y Arcas
Alex Todorov

Do algorithms reveal 
sexual orientation or 
just expose our 
stereotypes?

Biology vs Cultural Norms



Scraping Social Media as an alternative to 
Ecological Momentary Assessment



Scraping Social Media for Ecological Momentary 
Assessment in Psychiatry

mood
anxiety

appetite

energy

interest

sleep

isolation

mood
anxiety

appetite

energy

interest

sleep

isolation

Can we approximate 
this using            ?

Sean Kelley

• Burdensome
• Impossible to do over 

long time scales



Scraping Social Media for Ecological Momentary 
Assessment in Psychiatry

~5 minute survey

Advertising 
exclusively through 
twitter

- soliciting mental 
health ‘influencer’ or 
organisation retweets



Sean Kelley

Sentiment Analysis

• LIWC is a dictionary of ~12,000 words with 90 different output variables
• linguistic characteristics (e.g. articles and pronouns)
• psychological constructs (e.g. sadness and positive emotions)
• general text information (e.g. punctuation and word count)

• VADER was built specifically for use with social media text
• Emojis 
• Punctuation (!!!)
• Capitalization (SAD)
• degree modifiers (really, totally, very, etc)

Scraping Social Media for Ecological Momentary 
Assessment in Psychiatry



Behavioral Attributes of Depression 
In the light of the above measures, we present an explora-
tion of behavior of depressed and non-depressed classes. 

Diurnal Activity and Depression 
Figure 2 shows the diurnal pattern of posting (in local 
time) from users of the two classes, measured as the mean 
number of posts made per hour, over the entire one year 
history of Twitter data of the users. We also show polyno-
mial (of order 2) fits for both plots.  

From the figure, we observe that for the non-depression 
class, most people are less active later in the night (i.e., 
post-midnight) and early in the morning, with activity gen-
erally increasing through the day. Evenings and early 
nights show peak, indicating that people are generally 
more likely to be using social media after the end of work-
day. On the other hand, the depression class trend shows 
peaks late in the night (post 8pm), with lower activity 
through the day (between 9am and 5pm). It is known from 
literature that for 8 out of 10 people suffering from depres-
sion, symptoms tend to worsen during the night (Lustberg 
& Reynolds, 2000). In fact, night time online activity is a 
known characteristic of these individuals, which may ex-
plain the increased levels of nighttime posting on Twitter.  

Aggregated Behavior of Depression Sufferers 
Next we discuss the patterns of some of the behavioral 
measures for both classes in Figure 3. We found marked 
differences across the two classes. At an aggregate level, 
for the depression class, we observe considerable decrease 
in user engagement measures, such as volume (38% lower; 
p<.001 based on a t-test) and replies (32% lower; p<.001). 
This indicates that these users are posting less, suggesting a 
possible loss of social connectedness. The same set of us-
ers exhibit higher expression of NA (28% higher; p<.01), 
possibly reflecting their mental instability and helpless-
ness. Moreover, lower activation relative to the non-
depression class (11% lower; p<.01) may indicate loneli-
ness, restlessness, exhaustion, lack of energy, and sleep 
deprivation, all of which are known to be consistent de-
pression symptoms (Rabkin & Struening, 1976; Posternak 
et al., 2006). Finally, we find that the presence of the first-
person pronoun is considerably high (68% higher; 
p<.0001), while that of 3rd person pronouns is low in posts 
of the users in this class (71% lower; p<.0001), reflecting 
their high attention to self and psychological distancing 
from others (Rude et al., 2004).  

Finally, we found that the use of depression terms in 
postings from the positive class are significantly higher 
(89% higher; p<.0001). To delve more deeply into the con-
tent shared by users in this class, we report the unigrams 
from the depression lexicon, that were used the most in 
Table 3. We also validated these usage frequencies based 
on the β coefficients of the unigrams in a penalized logistic 
regression model—the model takes as input a predictive 

feature vector and predicts a binary response variable (de-
pressed/not depressed), at the same time handling highly 
correlated and sparse inputs. In order to make better sense 
of the unigrams, we derived broad “themes” that would 
cluster them together, using responses from crowdworkers 
on Amazon’s Mechanical Turk (inter-rater agreement 
Fleiss-Kappa: 0.66). These themes are motivated from pri-
or work in (Ramirez-Esparza et al., 2008), where the lan-
guage of depression forums was analyzed.  

We observe that words about Symptoms dominate, indi-
cating details about sleep, eating habits, and other forms of 
physical ailment—all of which are known to be associated 
with occurrence of a depressive episode (Posternak et al., 
2006). The second theme shared by the depression class is 
Disclosure. It appears that sufferers may turn to social me-
dia platforms in order to share feelings with others, receive 
social support, or to express their emotional state—
especially feelings of helplessness and insecurity. Users al-

Figure 3. Trends for various features corresponding to the de-
pression and non-depression classes. Line plots correspond to
least squares fit. 
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In the light of the above measures, we present an explora-
tion of behavior of depressed and non-depressed classes. 

Diurnal Activity and Depression 
Figure 2 shows the diurnal pattern of posting (in local 
time) from users of the two classes, measured as the mean 
number of posts made per hour, over the entire one year 
history of Twitter data of the users. We also show polyno-
mial (of order 2) fits for both plots.  

From the figure, we observe that for the non-depression 
class, most people are less active later in the night (i.e., 
post-midnight) and early in the morning, with activity gen-
erally increasing through the day. Evenings and early 
nights show peak, indicating that people are generally 
more likely to be using social media after the end of work-
day. On the other hand, the depression class trend shows 
peaks late in the night (post 8pm), with lower activity 
through the day (between 9am and 5pm). It is known from 
literature that for 8 out of 10 people suffering from depres-
sion, symptoms tend to worsen during the night (Lustberg 
& Reynolds, 2000). In fact, night time online activity is a 
known characteristic of these individuals, which may ex-
plain the increased levels of nighttime posting on Twitter.  

Aggregated Behavior of Depression Sufferers 
Next we discuss the patterns of some of the behavioral 
measures for both classes in Figure 3. We found marked 
differences across the two classes. At an aggregate level, 
for the depression class, we observe considerable decrease 
in user engagement measures, such as volume (38% lower; 
p<.001 based on a t-test) and replies (32% lower; p<.001). 
This indicates that these users are posting less, suggesting a 
possible loss of social connectedness. The same set of us-
ers exhibit higher expression of NA (28% higher; p<.01), 
possibly reflecting their mental instability and helpless-
ness. Moreover, lower activation relative to the non-
depression class (11% lower; p<.01) may indicate loneli-
ness, restlessness, exhaustion, lack of energy, and sleep 
deprivation, all of which are known to be consistent de-
pression symptoms (Rabkin & Struening, 1976; Posternak 
et al., 2006). Finally, we find that the presence of the first-
person pronoun is considerably high (68% higher; 
p<.0001), while that of 3rd person pronouns is low in posts 
of the users in this class (71% lower; p<.0001), reflecting 
their high attention to self and psychological distancing 
from others (Rude et al., 2004).  

Finally, we found that the use of depression terms in 
postings from the positive class are significantly higher 
(89% higher; p<.0001). To delve more deeply into the con-
tent shared by users in this class, we report the unigrams 
from the depression lexicon, that were used the most in 
Table 3. We also validated these usage frequencies based 
on the β coefficients of the unigrams in a penalized logistic 
regression model—the model takes as input a predictive 

feature vector and predicts a binary response variable (de-
pressed/not depressed), at the same time handling highly 
correlated and sparse inputs. In order to make better sense 
of the unigrams, we derived broad “themes” that would 
cluster them together, using responses from crowdworkers 
on Amazon’s Mechanical Turk (inter-rater agreement 
Fleiss-Kappa: 0.66). These themes are motivated from pri-
or work in (Ramirez-Esparza et al., 2008), where the lan-
guage of depression forums was analyzed.  

We observe that words about Symptoms dominate, indi-
cating details about sleep, eating habits, and other forms of 
physical ailment—all of which are known to be associated 
with occurrence of a depressive episode (Posternak et al., 
2006). The second theme shared by the depression class is 
Disclosure. It appears that sufferers may turn to social me-
dia platforms in order to share feelings with others, receive 
social support, or to express their emotional state—
especially feelings of helplessness and insecurity. Users al-
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Tweet timings as a proxy for sleep

Figure 2: Diurnal trends (i.e. mean number of posts made hourly 
throughout a day) for the two classes. The line plots correspond 
to least squares fit of the trends.  

(1) Node properties. We first define two measures that 
characterize the nature of a user’s egocentric social net-
work as in (De Choudhury et al., 2013). The first feature is 
the number of followers or inlinks of a user at a given day, 
while the second is the count of her followees or outlinks.  
(2) Dyadic properties. In this category, we define a meas-
ure called reciprocity, which is measured as how many 
times a user u responds to another user v who had sent her 
@-reply messages. It is given by the mean of the ratio of 
the number of @-replies from u to any user v, to the num-
ber of @-replies from v to u. The second feature in this 
category is called the prestige ratio, and is given by the ra-
tio of the number of @-replies that are targeted to u, to the 
number of @-replies targeted to a user v, where v is a user 
with whom u has a history of bi-directional @-replies. 
(3) Network properties. In this final category, we define 
four measures. We define graph density to be the ratio of 
the count of edges to the count of nodes in u’s egocentric 
social graph. The second feature is the clustering coeffi-
cient of u’s ego network, which is a standard notion of lo-
cal density, i.e. the average probability that two neighbors 
of u are neighbors of each other. The third feature, size of 
two-hop neighborhood is defined as the count of all of u’s 
neighbors, plus all of the neighbors of u’s neighbors. We 
define the next feature embeddedness of u with respect to 
her neighborhood as the mean of the ratio between the set 
of common neighbors between u and any neighbor v, and 
the set of all neighbors of u and v. The final feature in this 
category is the number of ego components in u’s egonet-
work, defined as the count of the number of connected 
components that remain when the focal node u and its inci-
dent edges are removed (De Choudhury et al., 2010).  

Emotion 
We consider four measures of the emotional state of users 
in our dataset: positive affect (PA), negative affect (NA), 
activation, and dominance. Daily measurements of PA and 
NA per user are computed using the psycholinguistic re-
source LIWC (http://www.liwc.net/), whose emotion cate-
gories have been scientifically validated to perform well 
for determining affect in Twitter (De Choudhury et al., 
2013). We use the ANEW lexicon (Bradley & Lang, 1999) 
for computing activation and dominance. Activation refers 
to the degree of physical intensity in an emotion (“terri-
fied” is higher in activation than “scared”), while domi-
nance refers to the degree of control in an emotion (“an-
ger” is dominant, while “fear” is submissive). 

Linguistic Style 
We also introduce measures to characterize linguistic 
styles in posts from users (Rude et al., 2004). We again use 
LIWC for determining 22 specific linguistic styles, e.g.: 
articles, auxiliary verbs, conjunctions, adverbs, personal 
pronouns, prepositions, functional words, assent, negation, 
certainty and quantifiers.  

Depression Language 
Finally we define two specialized features focused on 
characterizing the topical language of individuals detected 
positively with depression. While our previous measure fo-
cused on the linguistic style of depressive language, we are 
also interested in analyzing what people talk about.  
(a) Depression lexicon. The first feature measures the us-
age of depression-related terms, defined broadly, in Twitter 
posts. For this purpose, we built a lexicon of terms that are 
likely to appear in postings from individuals discussing de-
pression or its symptoms in online settings. We mined a 
10% sample of a snapshot of the “Mental Health” category 
of Yahoo! Answers. In addition to already being catego-
rized as relevant to depression, these posts are separated in-
to questions and answers and are relatively short, making 
them well-aligned to the construction of a depression lexi-
con that can eventually be deployed on Twitter.  

We extracted all questions and the best answer for each 
of question, resulting in 900,000 question/answer pairs. Af-
ter tokenizing the question/answer texts, we calculated for 
each word in the corpus its association with the regex “de-
press*” using pointwise mutual information (PMI) and log 
likelihood ratio (LLR). We created the union of top 1% of 
terms in terms of LLR and PMI. To remove extremely fre-
quent terms, we calculated the tf.idf for these terms in 
Wikipedia and used the top 1000 words with high tf.idf. 
Thereafter we deployed this lexicon to determine frequen-
cy of use of depression terms that appear in the Twitter 
posts of each user, on a given day. 
(b) Antidepressant usage. The next feature measures the 
degree of use of names of antidepressants popular in the 
treatment of clinical depression (any possible overlap with 
the above lexicon was eliminated). Individuals with de-
pression condition are likely to use these names in their 
posts, possibly to receive feedback on their effects during 
the course of treatment (Ramirez-Esparza et al., 2008). We 
used the Wikipedia page on “list of antidepressants” in or-
der to construct a lexicon of drug names 
(http://en.wikipedia.org/wiki/List_of_antidepressants).  
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Proxies for Physiology: Eye-Tracking

Key Findings:
• faces, camera zooms and rhyming and singing increased infant 

attention.

Method
• Subjects sat on parents lap
• Initial video used to determine 

eligibility
• Then if eligible, babies were 

asked to watch different videos.
• Once complete, blind raters 

coded videos for looking time by 
‘video features’

Cusack et al., 2017, Journal of Experimental Child Psychology

Proof of principle:
What video features attract the most attention in 
babies?
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• GPS receiver
• Microphone
• Camera
• Pedometer
• Heart rate
• Text messages
• Social networking
• Typing speed
• Word-use 

complexity
• Time using phone
• …

Matthews et al. 475

serious mental illnesses found that 72% of patients with 
bipolar disorder owned and used mobile phones regularly 
for calling, texting, and the Internet (Ben-Zeev, Davis, 
Kaiser, Krzsos, & Drake, 2013). In our recent survey, we 
found that 45% of individuals with bipolar disorder were 
already self-tracking mood, two thirds of the respondents 
reported using self-tracking data in discussions with a 
health care professional and 80% felt that technology had 
potential to help manage their illness, with a particular 
desire for more automated forms of digital symptom track-
ing (Murnane et al., 2016).

With the recent rise of smartphones with embedded sen-
sors, the ability to track symptoms, provide feedback, and 
deliver interventions as part of clinical treatment has been 
expanded greatly. Smartphone sensing capabilities appear 
suited to the detection of key parameters of bipolar disor-
der: (a) sleep–wake/activity, (b) mental activity, and (c) the 
nature and frequency of social interaction. Indeed, examin-
ing the criteria for episodes of hypomania and depression, 
one finds that key indicators of episode onset (changes in 
activity, sleep, rate and intensity of speech, frequency and 
intensity of social contact) can all be passively collected 
using the suite of sensors and device use–logging capabili-
ties available on all commodity smartphones (see Figure 2).

Studies employing technology-based self-tracking show 
good receptivity and adherence by individuals with bipolar 
disorder (Bauer et al., 2004; Bopp et al., 2010; Schärer et al., 
2002). Recent research has provided promising evidence 
that sensors can detect aspects of behavior relevant to bipo-
lar disorder. In the MONARCA project, Frost, Doryab, 
Faurholt-Jepsen, Kessing, and Bardram (2013) developed a 
smartphone app to provide better disease insights by collect-
ing data relevant to the behavioral trends of bipolar disorder. 
Based on data collected over 6 months, they found that 
patient mood correlated with physical activity, levels of 
stress, sleep, and phone use. Another study used phone call 
duration, speech analysis, and movement data from smart-
phones to identify manic and depressive states (Grünerbl 

et al., 2014). From 12 weeks of data with 10 patients, their 
system recognized bipolar states and the transitions between 
those states (assessed using the Hamilton Rating Scale for 
Depression and Young Mania Rating Scale) with 76% accu-
racy. Vanello et al. described a speech analysis algorithm 
that takes into account voiced segmentation and pitch infor-
mation to characterize states of patients of bipolar disorder 
(Lu et al., 2012; Vanello, 2012).

While there is a long history of using custom forms of 
behavioral sensing, such as the Actiwatch which detects 
physical activity and sleep behavior, in efforts to understand 
and treat bipolar disorders, patient adherence and acceptance 
of these technologies can limit the effectiveness of their 
application (Prociow, Wac, & Crowe, 2012). Individuals 
with bipolar disorder are particularly sensitive to issues of 
stigma and often refuse to use any device that might identify 
them as being “different.” Most important, the promise of 
passive sensing has not yet had an impact on clinical prac-
tice: The data collected via sensors have been limited almost 
exclusively to research, as opposed to clinical, settings.

Although recent work has shown success in using smart-
phones to measure variables relevant to bipolar disorder, 
there has been no work, to the best of our knowledge, that 
has sought to use sensor data to replicate or “fill holes” in 
the data collected by self-report instruments used in exist-
ing, clinically validated interventions like IPSRT. 
Smartphone-based sensing of social rhythms could support 
patients who find self-tracking challenging to maintain, 
thereby increasing the quantity of clinically relevant infor-
mation. There is also the potential for automatic sensing to 
measure the event or behavior of interest as it occurs and 
hence to provide a higher degree of ecological validity than 
current self-report methods. Perhaps a crucial difference 
with the SRM, which measures social rhythms to infer well-
being, compared with other self-report diaries like, for 
example, Thought Diaries that are used in cognitive behav-
ioral therapy, is that self-report of the SRM is not a prereq-
uisite for valid data. If self-report could be replaced it would 

Figure 2. Bipolar symptoms and potential smartphone measures.
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• Why take psychiatry research online?

• Online methods
o Crowdsourcing 
o Smartphones 
o Scraping
o Proxies for physiology

• Characteristics of online samples
o Are they representative?
o Are mental health data valid?
o Are the data of acceptable quality?
o Are findings relevant for diagnosed patients?

Outline

Spoiler: yes.



Characteristics of Online Samples



Are Internet based samples representative?

2 https://www.census.gov/quickfacts/fact/table/US/PST045218
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Are Internet based samples representative?
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• The prevalence of depression among participants on Mechanical 
Turk was consistent with prevalence in the general 
population 

Shapiro et al., 2013; Kessler, Chiu, Demler, & Walters, 2005

• But… social anxiety is up to 7x more prevalent on M-Turk.
Shapiro et al., 2013, Gillan et al., 2016; Seow & Gillan, in prep; Hunter et al., BiorXiv

Are there differences in mental health?

Probable SAD



Are people who they say they are?

• Excellent test-retest reliability for self-report depression, r=.87 (Shapiro et al., 

2013)

• We can reproduce associations with mental health found in in-person 

samples

• Few get caught out with trap questions (e.g. <1%, Gillan et al., eLife 2016)

• A more elaborate malingering questionnaire caught just 10/530 (Shapiro et 

al., 2013)

• You can confirm location from IP address (but think about GDPR)

• Mechanical Turk allows you to select for certain demographics (age, gender, 

etc.)

Overwhelmingly, YES!

Don’t incentivize people to lie



Are there differences in data quality?

Unsupervised participants are less likely to pay attention to 
instructions

Goodman, Cryder, Cheema, 2013

Oppenheimer, Meyvis, & Davidenko, 2009 

Are M-Turk subjects worse than supervised students?

“Research in decision making shows that people, when making decisions and 
answering questions, prefer not to pay attention and minimize their effort as much as 
possible. Some studies show that over 50% of people don’t carefully read questions. If 
you are reading this question and have read all the other questions, please select the 
box marked ‘other’ and type ‘Decision Making’ in the box below. Do not select 
“predictions of your own behavior.” Thank you for participating and taking the time 
to read through the questions carefully! 

What was this study about? 
A Predictions of your own behavior
B Predictions of your friends’ behavior
C Political preferences 
D Other _______________________

66.2% versus 88.5%, p < .001 



YES. How big of a problem is this?

But to help things: establish study-specific a priori exclusion criteria
e.g. implausibly fast RTs, missing trials, ‘catch’ questions, 
comprehension test

Its no biggie (personal view): Increased sample size mitigates 
increased loss of statistical power. E.g. in Gillan et al., eLife 2016

Save yourself some money by requiring 
basic performance to play!

Are there differences in data quality?



Data quality solutions

• Include a quiz on the basics of the task instructions 
• If subjects do not pass, they must repeat instructions until they do
• This deals with bots
• This deal with people just hammering the keys randomly

COMPREHENSION TEST

• Crump et al., 2013 found this improved the issue, but 
didn’t resolve it fully.

• We noted similar issues in our own work, and found the 
quiz greatly improved the data quality. Again, doesn’t 
resolve it fully.



Are addictive traits linked to problems with 
response inhibition?... Acute intoxication might 
confound the data

Internet based testing is not a panacea.
• Sometimes you need to have control over the testing 

environment

• Can people accurately self 
report on their mental status? 
(in some cases, e.g. 
schizophrenia, not always.)

• Is there an incentive to lie 
(e.g. monetary)?

• Are the findings relevant to 
‘real patients’?



Are findings applicable to diagnosed patients?

OCD All-Comers Internet-Based



OCD,
GAD

GAD,
SAD,
PTSD

GAD,
Addiction,
MDD,
Anorexia,
Bipolar

OCD,
Tric

OCD

Internet-Based Clinical Collaboration

OCD (N=110) - OCD+GAD (N=92) - GAD (N=83)

Gillan et al., under review



Internet-Based Clinical Collaboration

1. Can we reproduce the dimensional association between 
goal-directed planning and compulsivity in diagnosed 
patient sample?

2. What fits the cognitive data better… Dimension or 
Diagnosis?*

*caveat: we use clinical controls not ‘healthy controls’

OCD Control
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*Replicated after average of 413 
days in N=110

Figure 2. Association between model-based planning scores, diagnostic 
status, and compulsivity. 
 
  

 
** p<.01 
A. Bar-plots display mean model-based planning scores (after controlling for 

age) by group and dots indicate individual subjects’ performance. There 
were no significant effects of either OCD (p=.18) or GAD diagnosis (p=.71) 
on model-based planning. Y-axis are coefficients from a regression model 
specifically the interaction between reward and transition on stay behavior 
in the two-step task. Note that as such, scores below 0 are possible, but 
rare (5/285) and close to 0, indicating a very poor fit of the model to 
behavior. 

B. Scatterplot depicting the association between scores on the 
transdiagnostic compulsivity dimension and model-based planning ability, 
controlling for age. There was a significant negative association, p=.003**: 
those individuals who had the highest self-reported compulsivity, had the 
lowest scores on our test of model-based planning. Colors indicate the 
diagnoses that each subject met criteria for (OCD, GAD or combined OCD + 
GAD).  

C. Dimensions vs. Diagnosis. Results from a regression analysis pitting OCD 
diagnosis against the dimensional compulsivity factor, in the same 
analysis. Y-axis plots the beta weights for OCD and Compulsivity on model-
based planning. The effect of OCD on model-based planning approaches 
zero when compulsivity is included in the same model (p=.91), while 
compulsivity remains a strong predictor (p=.006**). 
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Are findings applicable to diagnosed patients?
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Major Depressive 
Disorder

The problem: DSM disorders are the 
“ground-truth” for research

Social Anxiety 
Disorder

Bipolar 
Disorder

Obsessive Compulsive 
Disorder

We need prediction and we 
need meaningful clinical 

outcomes



• Cognitive testing
• Early adversity
• Self-report symptoms
• Clinical history
• Demographics
• Attitudes about 

treatment
• ….

Internet-Based Treatment Prediction
Can we use Internet-based methods to predict and 
understand treatment response?

Goal N=1000

Responder
Non-Responder

Kevin Lynch



Internet-Based Treatment Prediction
Can we use Internet-based methods to predict and 
understand treatment response?

Kevin Lynch



Final take home message.

Internet-based research is awesome.

• large samples
• rare populations 
• longitudinal, predictive research
• sometimes frictionless participation
• exploratory and confirmatory

QUESTIONS?
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