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There is a lack of automated tools that utilize artificial intelligence to monitor
mental health. The mental status examination (MSE) is an important tool used by
mental health providers for assessing mental health. Currently, MSEs are conducted
by licensed professionals, which is a barrier for patients in low income and remote
areas. We propose an AI-based personal online mental status examination (aiMSE),
the first interactive MSE platform. Users can use aiMSE to self-administer MSEs at
home through a web browser, using only a camera and microphone. aiMSE uses
multimodal image, speech, and natural language processing algorithms to detect
signs of abnormalities in mental functioning and recommend them for further
examination by a mental health specialist. We conducted a 14-person study, which
supports the feasibility of detecting a wide range of signs commonly found in
patients with changes in mental or cognitive capacity.

Mental health illnesses affect millions of peo-
ple each year and are the second leading
cause of death for people aged 10–34.1

There are many low-cost solutions for people to
check their physical health. However, there is no
equivalent low cost and widely accessible solution or
platform for monitoring and measuring mental health.

The mental status examination (MSE), traditionally
administered person-to-person by a licensed mental
health provider, is an important tool to assess a patient’s
mental capacity by observing appearance, behavior,
mood, and responses to standard cognitive questions
and tasks. The MSE provides clinical information that
aides in the diagnosis of mental health disorders. As
MSEs require the presence of a licensed mental health
professional, patients living in underserved or remote
areaswith a lack of adequatemental health coverage or a
lowprovider-to-population ratio do not have ready access
to this objective assessment formental health screening.

We propose the AI-based personal online mental sta-
tus examination (aiMSE), the first web-based and widely
accessible system formeasuring and detecting character-
istics of mental health disorders. Figure 1 shows aiMSE's
web interfaceandexamplesof howweadminister specific
types of questions. aiMSE administers an interactive MSE
through a web browser using only a camera and micro-
phone, allowing access for anyone with a laptop, com-
puter, or smartphone. aiMSE acts as a widely accessible
triaging tool for identifying individuals thatmay require fur-
ther examination or a referral to amental health specialist.
There is also potential utility in assisting primary care pro-
viders, midlevel mental health providers, nursing special-
ists, or students by providing an additional, objective
measurement tool to assist inmedical decision-making.

aiMSE utilizes multimodal image, speech, and nat-
ural language processing to assess a person’s affect,
speech, behavior, cognition, and memory to generate
a mental status report of a user’s mental functioning.
We show, through a 14-person study, that aiMSE can
detect these characteristics reasonably well.

We make the following contributions.

› We introduce aiMSE, the first low cost and widely
accessible system for monitoring and detecting
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characteristics indicative of mental or cognitive
impairment. aiMSE allows anybody to self-conduct
anMSEwith only a camera, microphone, and inter-
net-enabled device.

› We introduce novel multimodal image, speech,
and natural language processing algorithms and
architectures to detect relevant mental status
characteristics related to affect speech, behav-
ior, and cognition.

› We evaluate aiMSE in a 14-person study and
show that aiMSE can detect a wide range of
characteristics consistent with that of a psychia-
trist’s observations. Overall, aiMSE can detect
six indicators of mental health characteristics
with 68.9% accuracy.

RELATEDWORKS
To the best of our knowledge, there is no system that
completely automates the MSE. In contrast to prior
works, we simulate the process of a video interview by
incorporating facial expression detection in video, sen-
timent analysis of audio, and cognition assessment. In
this work, we study the autonomous administration of

an MSE, including a cognitive assessment based on
the Montreal Cognitive Assessment (MoCA).2 MoCA is
one of several available tools that mental health pro-
viders commonly administer to patients, face-to-face,
to detect signs of cognitive impairment and assess var-
ious aspects of cognition, including, but not limited to,
memory, language, and attention. Questions on the
MoCA have patients perform basic cognitive tasks,
such as repeating back spoken sentences, naming pic-
tures of animals, and copying a picture of a cube. Each
question has an objective correct response, and the
entire test is scored out of 30 points, where a score of
25 or lower suggests cognitive impairment. MoCA has
been shown to be effective in the assessment of vari-
ous mental conditions, such as Alzheimer’s.3 In com-
parison with older mental status assessments, MoCA
can screen for changes in executive functioning.

There are existing computer-based works that aim
to provide low cost, self-administered mental status
assessments. One such assessment is SATURN,4

which has been shown to be highly correlated with
MoCA results. SATURN and other recently developed
assessments utilize different tasks than MoCA and
have yet to be studied through a large clinical trial.4

FIGURE 1. Examples of aiMSE’s user interface for different types of questions. (a) Video of the psychiatrist introducing the aiMSE

platform; the user is asked to place the head in the camera view. (b) Video of the psychiatrist asking a question that requires a

verbal response from the user. (c) Video of the psychiatrist asking a question that requires text input from the user. (d) Video of

the psychiatrist asking a question that requires drawing input from the user.
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Works, such as Wallace et al.’s work,5 show the differ-
ences between the standard written MoCA and an
online MoCA version. Though the authors observed
some differences, they concluded that the online ver-
sions can still be effective. In addition, these works
only utilize online interfaces to perform an assess-
ment, while aiMSE utilizes other indicators, including
affect, behavior, and speech.

Recently, there have been several works develop-
ing wearable systems to monitor mental health that
utilize wrist sensors,6 wireless body area networks,7

and wearable EEG sensors.8 In contrast to these
works, aiMSE can be easily accessed through a simple
web interface.

AIMSE SYSTEM
Mental Status Indicators
There are 10 major points and indicators that are
observed during an MSE to determine a person’s mental
state.9 aiMSE is capable of identifying four indicators of
mental functioning. To sense these different facets,
aiMSE administers a video-interview-based online exami-
nation similar to an in-person MSE. As shown in Figure 2,
aiMSE uses three sensing inputs: video, audio, and user
input, to assess these five aspects and administers the
MoCA in a portion of the examination. These four were
chosen because they can be reliably estimated from an

audio and video recording. We discuss challenges in
incorporating the other six indicators in the “Future
Work” section. We introduce the four indicators aiMSE
sensesbefore discussinghowaiMSE senses these indica-
tors in the “Sensing” section.

Affect
Affect is the description of an individual’s capacity to
exhibit changes in outwardly displayed emotional
states. Abnormalities may indicate depression, manic,
or psychotic state.

aiMSE can characterize the range and nature of
expressed affects by detecting and analyzing user
speech for tone, energy, and rate, as well as analyzing
video for facial expressions. Atypical findings include
the maintenance of a constricted affect throughout
the entire encounter, or conversely, a rapidly chang-
ing, expanded affect. The general emotional state
based on detected expressions can also be estimated.

Speech
The speech indicator is a characterization of an indi-
vidual’s vocal patterns, including the rate and rhythm
as well as appropriateness and clarity of responses.
Abnormalities may indicate word-finding difficulties,
subcortical changes, or a manic process.

The irregularity of speech rhythm or tone is
another mental status characteristic. aiMSE estimates

FIGURE 2. aiMSE system architecture block diagram. Three sensing inputs (video, audio, and user input) are used to assess the

patient’s behavior, affect, speech, and cognition.
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tone, energy, and the average word rate that each sub-
ject speaks during the examination.

Behavior
The behavior indicator is an observation of an individ-
ual’s capacity to engage appropriately with the inter-
viewer. Abnormalities may indicate cognitive changes
related to executive functioning, a psychotic process,
an affective process, or malingering.

aiMSE can estimate the presence of either psychomo-
tor agitation or retardation through measuring the
amount of head movement a person makes during the
examination using video data as described in the “Video”
section.

IN AIMSE, WE EXAMINE ERRATIC
HEADMOVEMENT, WHICH IS ONE
POTENTIAL INDICATOR OF AGITATED
BEHAVIOR.

Cognition andMemory
Cognition is a general assessment relating to an indi-
vidual’s ability to gain knowledge and demonstrate
comprehension. Abnormalities may indicate general
cognitive impairment and dementia, or a more acute
impact on cognitive functioning.

Memory is a description of an individual’s short-
term memory. Impairment may indicate difficulty with
memory formation and retrieval.

MoCA is a standardized test used to screen for cog-
nitive dysfunction. aiMSE canadminister the set of ques-
tions asked in the MoCA to score each user. A MoCA
score of 18–25 suggests mild cognitive impairment, a
score of 10–17 suggests moderate cognitive impairment,
and a score less than 10 suggests severe cognitive
impairment. aiMSE can provide an interpretation of this
scoring and provide this information to the user.

Sensing
Existing online cognition assessments lack behavioral
and emotional feedback. While these online tools are
designed to assess cognitive abilities, they are not able to
assess visual or audio characteristics. aiMSE is designed
to capture additional information to improve assessment.

Users interact with aiMSE through a web interface.
aiMSE captures video and audio streams using per-
sonal facing cameras and microphones available on
all modern laptops, computers, and tablets. These
streams allow aiMSE to monitor other facets of

mental state, such as affect and behavior, which is not
possible in existing works.

Video
During typical MSEs, face-to-face interaction provides
critical information, such as a person’s affect or behav-
ior. aiMSE utilizes video of the user’s face instead.

aiMSE uses video data to estimate expressions from
a patient’s face. Expression estimation takes place in two
steps: 1) head detection, and 2) expression classification.
First, a bounding box of the head is extracted from the
raw video frame using aHaar cascade filter.10 This is used
as input to a ResNet-based emotion classification net-
work, which estimates one of seven classes: 1) fear,
2) anger, 3) happiness, 4) disgust, 5) sad, 6) surprise, and
7) neutral. We selected these seven expressions because
they cover a wide range of expressions that people make
on a regular basis. We retrained ResNet11 by freezing the
baselinemodel and replacing the output layer with a five-
neuron layer, to represent each emotion class. Although
we use a ResNet-based emotion classification network,
we note that any other algorithm or neural network that
classifies facial expressions is suitable to be used here.
We chose ResNet because it is commonly used and per-
formswell in awide range of image classification tasks.

Certain characteristics relevant to the MSE can also
be detected through video. In aiMSE, we examine erratic
head movement, which is one potential indicator of agi-
tated behavior. We use the same bounding box of the
head extracted for emotion detection. We compute
head movements for consecutive frames by noting the
changes in the center of the head bounding box. Typical
head movements, such as nodding or head shaking, last
for around 0.5–1 seconds, are generally less than 4 Hz in
frequency, and generally move less than 160!.12 If at any
point, the headmovement greatly exceeds these thresh-
olds, then this is interpreted as being unusual.

Audio
Some questions in MoCA are recorded aurally by a cli-
nician. For example, the patient may be asked to
repeat a spoken sentence, which clinicians can use to
identify irregular features in speech, tone, and rhythm.
Audio feedback is typically nonexistent in current
online assessments.

aiMSE uses the microphone to allow patients to
respond orally during the examination. aiMSE analyzes
patient speech in three ways. First, the librosa13 library
is used to analyze speech speed, tone, and energy,
which are important for recognizing when a patient
may be agitated, have an unusual speech rhythm or
have delayed speech.
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Second, speech content is analyzed for expected
responses to questions in the MoCA. To accomplish
this, aiMSE processes audio through the Google
Speech-to-Text APIa to convert the patient’s speech
to text, and then through a tokenizer14 to break down
the speech into tokens useful for natural language
processing.

Third, aiMSE analyzes the audio for speech senti-
ment. The tokens outputted from the tokenizer are
processed through a binary classification network
based on BERT.15 The network outputs whether the
speech is positive or negative, which is used to esti-
mate the affect on the patient.

User Input
Someof the questions on theMoCA require text input or
drawings. Responses to questions that require text input
are compared directly to expected answers. Each ques-
tion has an objectively correct set of answers, so it is
simple to make this comparison. The web interface also
incorporates a drawing space.

To analyze drawings, aiMSE utilizes contour detec-
tion from OpenCV16 with vertex counting to detect
shapes.

EVALUATION
In this section, we evaluate our expression classifica-
tion network before evaluating the entire system in a
study of 14 participants.

Expression Detection Evaluation
To train our ResNet-based expression classification net-
work, we use the fer2013 dataset17 containing 35,886
frames of each expression (anger, fear, disgust, happy,

sad, surprise, andneutral) anduse 3589 samples for test-
ing and the rest for training. Table 1 shows the confusion
matrix metrics for the seven-class classification prob-
lem.We bold the diagonal, as these entries show theper-
centage of correctly identified expressions. Across all
classes, our expression detection classifier has a 66%
accuracy, which ismuch higher than randomguessing.

Study Setup
Before beginning the study, the Institutional Review
Board of Columbia University at Morningside Campus
approved all human subjects experimental procedures
in this study listed in protocol AAAT7906. To evaluate
the effectiveness of aiMSE, we conduct a 14-person
study with nine males and five female participants with
no knownmental impairments. All participants were stu-
dents at Columbia University. The average age of all par-
ticipants recruited is 25.09 years, where the minimum
and max age is 21 and 29, respectively. All subjects par-
ticipated voluntarily and reported having no history of
mental health issues and neurological disorders. We
recruited our subjects through word of mouth and
obtained informed consent from each participant in
accordance with the terms of the IRB for this project.
During the study, we instructed participants to repeat
the examination seven times, each time acting out one
of the six behaviors that would indicate an abnormal
mental status exam finding or acting normally. There
was a five-minute break between each examination ses-
sion. One of the authors was present at all times to
answer questions on the side. The purpose of this study
is to show that aiMSE can accurately detect awide range
of characteristics relevant to mental health. We do not
claim that this is a clinical study showing that aiMSE can
correctly identify real patients withmental health impair-
ments. We plan on conducting full studies showing

TABLE 1. aiMSE seven-class expression detection results.

Target

Anger Disgust Fear Happy Sad Surprise Neutral

Predicted

Anger 282 (57.4%) 14 (25.5%) 64 (12.1%) 19 (2.2%) 46 (7.7%) 12 (2.9%) 28 (4.5%)

Disgust 11 (2.2%) 27 (49.1%) 7 (1.3%) 0 (0.0%) 2 (0.3%) 1 (0.2%) 3 (0.5%)

Fear 48 (9.8%) 4 (7.3%) 213 (40.3%) 11 (1.3%) 70 (11.8%) 56 (13.5%) 20 (3.2%)

Happy 16 (3.3%) 2 (3.6%) 19 (3.6%) 778 (88.5%) 32 (5.4%) 22 (5.3%) 39 (6.2%)

Sad 70 (14.3%) 5 (9.1%) 113 (21.4%) 27 (3.1%) 320 (53.9%) 7 (1.7%) 96 (15.3%)

Surprise 10 (2.0%) 1 (1.8%) 56 (10.6%) 15 (1.7%) 6 (1.0%) 307 (73.8%) 11 (1.8%)

Neutral 54 (11.0%) 2 (3.6%) 56 (10.6%) 29 (3.3%) 118 (19.9%) 11 (2.6%) 429 (68.5%)

Notes: Entries bolded are the portion of samples correctly identified in each of the classes.

a[Online]. Available: htt _ps://cloud.google.com/speech-to-text/
docs/apis
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clinical effectiveness in futurework. The six behaviorswe
instruct our subjects to act out are as follows:

1) Affect:Neg—exhibiting negative emotions with
unchanging expressions;

2) Affect:Rapid—exhibiting rapidly changing emo-
tional states;

3) Speech:Fast—speaking with rapid pace;
4) Speech:Slow—speaking with slow pace;
5) Behavior—increased psychomotor agitation and

poor eye contact;
6) Cognition—provide incorrect responses to ques-

tions and tasks from MoCA.

To obtain ground truth, a licensed psychiatrist ana-
lyzed the audio and video responses of the test sub-
jects, generated his own report, and characterized
their mental status based on the above mentioned
indicators. Although all scenarios were acted, the psy-
chiatrist analyzed each scenario as any real scenario,
giving us how he would characterize each scenario as
if it were a real patient.

In total, we recruited 14 participants, who each per-
formed seven different scenarios, yielding a total of 98
different samples. To increase the number of samples,
we augment our dataset as follows. We divide the
recorded audio and video of each scenario at the half-
way point of the examination. To create a new scenario,
we randomly select a video component and an audio
component for each half of the examination and then
combine both halves together. In each of the recorded
scenarios, we only instruct each user to exhibit one of
the MSE indicators; by combining different scenarios
together, we createnew scenarios that not only increase
the total number of scenarios we evaluate but also cre-
ate new scenarios containing multiple indicators. We
take this approach in augmenting our dataset because
it is difficult for a typical person to exhibit multiple

behaviors concurrently. In total, we increased the total
number of scenarios we evaluate to 402.

Study Results
Table 2 shows the aggregate performance metrics
across all different scenarios for each of the behaviors
we instructed the participants to act out. We compare
aiMSE’s identified behavior with the observations
from the psychiatrist. For scenarios created by com-
bining multiple scenarios together, we included them
into each of the characteristics that the psychiatrist
identified. We see from this table that aiMSE can iden-
tify a large portion of scenarios and indications consis-
tent with the psychiatrist’s findings. In total, aiMSE
correctly identified 68.9% of scenarios with abnormal
findings, which is much higher than randomly guessing
one of six abnormalities. Next, we analyze how aiMSE
identifies scenarios with indications of abnormal men-
tal characteristics.

Affect Indicators
There were two scenarios we instructed participants to
act out involving affect. The first scenario is to express
predominantly negative expressions (anger, fear, sad,
or disgust). For samples where a negative affect was
identified as a primary indication, on average aiMSE
detected a negative affect 66.0% of the examination,
while aiMSE detected a negative affect only 25.7% of
the time in other scenarios. In the second scenario, par-
ticipants were instructed to rapidly change their
expressions. In samples where a rapidly changing affect
is a primary indication, aiMSE detected on average 3.4
changes in affect per second, while in other scenarios,
aiMSE only detected 1.3 changes in affect per second.

Speech Indicators
A typical speaking rate for English is 150 words per
minute.18 For all scenarios where subjects were

TABLE 2. Comparison between characteristics of abnormal mental statuses observed by the psychiatrist and aiMSE.

Psychiatrist observation

Affect:Neg Affect:Rapid Speech:Fast/Slow Behavior Cognition Normal

Predicted

Affect:Neg 109 (66.1%) 46 (30.9%) 0 4 (16.7%) 0 1 (7.1%)

Affect:Rapid 42 (25.5%) 92 (61.7%) 0 2 (8.3%) 0 0

Speech:Fast/Slow 6 (3.6%) 0 21 (87.5%) 0 0 0

Behavior 1 (0.6%) 2 (1.3%) 0 18 (75.0%) 0 0

Cognition 7 (4.2%) 4 (2.7%) 0 0 24 (100%) 0

Normal 0 5 (3.4%) 3 (12.5%) 0 0 13 (92.9%)

Notes: Normal refers to not observing any characteristics that would suggest an abnormal mental status. We bold the portion of scenarios where
aiMSE’s assessment aligns with the psychiatrist’s.
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instructed to speak faster than normal (Speech:Fast),
aiMSE observed a speaking rate of 181 words per min-
ute, which is much higher than this typical rate. In all
scenarios where subjects were instructed to speak
slower than normal (Speech:Slow), aiMSE observed a
speaking rate of 65 words per minute, which is much
slower than the typical rate. In all other scenarios,
aiMSE observed an average speaking rate of 143
words per minute.

Behavior Indicators
To evaluate behavior, aiMSE detects the maximum
head movement speed (deg/s) and the movement fre-
quency (Hz), and if aiMSE observes a head movement
speed and frequency that is too high (greater than
160!/s and 4 Hz, respectively), then aiMSE indicates
this as an abnormal finding. Of the scenarios where
participants were instructed to rapidly move their
head, aiMSE observed on average a maximum head
movement speed and frequency of 176!/s and 5.1 Hz,
respectively. These values are much greater than the
typical values observed for normal head movements.
In all other scenarios, aiMSE detected on average a
maximum head movement speed of 41!/s and a fre-
quency of 0.9 Hz, which is in line with typical behavior.

Cognition andMemory Indicators
To evaluate cognition and memory, we instruct partici-
pants to incorrectly answer most of the questions dur-
ing the MSE. aiMSE observed that in scenarios where
cognition was a primary indicator of the abnormal
mental state, subjects scored on average 21.8 points,
indicating cognitive dysfunction. In all other scenarios,
aiMSE observed an average score of 28.5, which is well
above the cutoff.

Ablation Study
In this section, we perform an ablation study to show
how each indicator improves aiMSE. Table 3 shows
the performance of aiMSE in each scenario after

incorporating one indicator at a time. For instance, in
step one, we only utilize the affect indicators (negative
and/or rapidly changing expressions) before adding in
the behavior indicators (head movements) in step two.
When we start with only the affect indicators, only the
scenarios where affect are the primary indicators were
identified with high efficacy. By adding in more compo-
nents, aiMSE begins to perform better across all scenar-
ios. The performance metric refers to the percentage of
samples considered by the psychiatrist to be exhibiting
the corresponding class (e.g., Affect:Neg, where partici-
pants are predominantly showing a negative affect)
that are correctly identified by aiMSE using the incorpo-
rated indicators at each step.

FUTUREWORK
There are 10 major points that mental health providers
typically observe during an MSE to determine a per-
son’s mental state,9 of which aiMSE observes four.
The following indicators are factors we leave for future
work.

› Appearance: A poorly groomed individual may be
suffering from physical ailments, self-harm, or
alcohol abuse that may affect the mental status.
aiMSE would require a view of the entire body,
but typical webcams only capture the face.

› Mood: This is the underlying subjective emotion
of a person during the MSE. aiMSE can only
judge what is apparent through a person’s voice
and face.

› Thoughts: A person showing illogical thought
processing and disorganized thoughts could
have an underlying thought disorder. This is a dif-
ficult factor to measure since a person’s thought
process is often unique to the person and the
situation.

› Perception: This measures the process in how a
person becomes aware of stimuli presented to
the body from all senses, whether internal or

TABLE 3. Ablation study.

Performance

Affect:Neg Affect:Rapid Speech:Fast/Slow Behavior Cognition Normal

Indicator

Step 1: Affect 79.6% 67.7% 0 0 0 92.9%

Step2: Behavior 79.6% 67.7% 0 87.5% 0 92.9%

Step 3: Speech 79.6% 67.7% 90.0% 87.5% 0 85.7%

Step 4: Cognition 79.6% 67.7% 90.0% 87.5% 100% 85.7%

Notes: In each step, we add in one additional indicator summarized in Figure 2 and see significant improvements in detection performance for cor-
responding scenarios (e.g., cognition).
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external, and also whether there is the presence
of auditory or visual hallucinations. aiMSE can
only effectively evaluate responses to external
auditory and visual cues.

› Insight: This is the extent to which a person rec-
ognizes and understands their mental condition.
This is very difficult to objectively measure and
would require us to design a new set of
algorithms.

› Judgement: This measures a person’s problem-
solving skills within an ethical framework. This is
also difficult to objectively measure.

In addition, we plan to conduct extensive clinical
trials to show the effectiveness of aiMSE on mental
health patients with psychiatric and cognitive disor-
ders in the future. Next, we plan to explore the effec-
tiveness of aiMSE as a screening tool, to be followed
by a clinician assessment, or to be used together with
a clinician assessment rather than completely relying
on aiMSE to accurately distinguish all cases of mental
impairment. Finally, we plan to incorporate cutting-
edge deep learning, such as utilizing video transform-
ers, to improve the overall accuracy of aiMSE and
move toward a more fully automated system for
detecting indicators of mental impairment.

CONCLUSION
Nearly 20% of all adults in the United States experi-
ence some type of mental health illness, and this per-
centage has only increased due to the ongoing effects
of COVID-19. Thus, a widely accessible tool for early
detection of mental health illnesses is critical for
bringing down the overall cost of mental healthcare.
In this work, we present aiMSE, a proof-of-concept
illustrating the potential feasibility of online systems
for detecting indicators of mental impairment. With
only the standard video and audio sensors on a laptop
computer or mobile device, aiMSE can evaluate char-
acteristics in affect, speech, behavior, and cognition
to quickly identify and triage patients who may be
exhibiting abnormal mental health statuses.
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