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Abstract— Depression is known to result in neuro-physiological and neurocognitive changes that affect control of motor, semantic,
and cognitive functions. In this paper, biomarkers are derived from all of these techniques, drawing first from previously developed
neurophysiological motivated auditory and outer coordination and timing features. In addition, a unique indicator of lower vocal
tract constriction in articulation is assimilated that relates to vocal projection. Linguistic features are analyzed for content using a
skimpy coded rhetorical embedding space, and for circumstantial clues related to the individuals current or previous depression
condition.
Keywords— Depression classification, Multimodal, decision tree, speech synthesis, Task functional magnetic resonance imaging, Public
Heath Questionnaire.

1. INTRODUCTION
According to world health organization [1] depression affects more than 300 million people every year and it is one of the
most common mental disorder.Depression affects between 5% and 10% of individuals in primary care but is only diagnosed in
around 50% of cases. Similar type of problems was also found in general hospital settings, where there is substantial under
identification and unmet need for psychological health services.
Depression is different with respect to the usual mood fluctuations and short-lived emotions to challenges in everyday life.
When the condition of emotional imbalance last for a longer or a moderate period of time also it needs special attention as it
might be depression. A person suffering from depression can affect his personal and professional life adversely and leave a
negative impact everywhere. The worst thing that a person suffering from depression can do is harm an individual or even
attempt suicide. Nearly 800000 people attempt suicide yearly and major suicidal attempts are done by age group 15-29 years.
In the current paper we are speaking about the major technique used to detect depression with the dataset provided by the
Audio/Visual Emotion Challenge (AVEC) 2016 and Audio/Visual Emotion Challenge (AVEC) 2017 along with the data
developed during the Distress Analysis Interview Corpus (DAIC)

2. BACKGROUND
The Distress Analysis Interview Corpus (DAIC) is a collection of sub structured clinical interviews. Designed to simulate
usual protocols for identifying people at risk for post-traumatic stress disorder (PTSD) and depression, these interviews were
generated as part of a bigger effort to create a computer that interviews people and identiﬁes verbal and nonverbal indicators of
mental illness (De Vault et al., 2014). The corpus contains four types of interviews:
Face-to-face interviews between participants and a human interviewer
Teleconference interviews, conducted by a human interviewer over a teleconferencing system;
Wizard-of-Oz interviews, conducted by an animated virtual interviewer called Ellie, controlled by a human interviewer in
another room;
Automated interviews, where participants are interviewed by Ellie operating as an agent in a fully automated mode.
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METHODOLOGY

A. META-ANALYSIS AND PATIENT HEALTH QUESTIONNARE:
The paper uses the method of questionnaire for the purpose of identifying depression ion patients at various medical
centers. It identifies 17 integral validation studies conducted in medical care; medical outpatients; and specialist medical
services (cardiology, stroke, dermatology, head injury, and otolaryngology). It uses arbitrary repercussions bivariate metaanalysis at suggested cut points to generate summary receiver-operator characteristic (sROC) curve.
The aim was to establish the psychometric characteristics of the PHQ2 and PHQ9 as screening instruments for
depression. The diagnostic validity of the PHQ2 was only checked in 3 months and showed high variability in sensitivity. The
pre-conditions for this screening and case finding is that the instruments must be valid, reliable, simple, self-administrable and
easy to use. The particular items on the instruments are obtained from the PRIME-MD interview schedules and are engineered
to establish DSM-IV criteria based psychiatric diagnoses. All paragraphs must be indented. All paragraphs must be justified, i.e.
both left-justified and right-justified.
A.1) Study Design and Setting.
Includes all cross-sectional validation research of the PHQ in primary care, community and hospital places amongst
adults.
A.2) Condition and Reference Test.
Various studies have been undertaken for reporting of the ability of the PHQ to detect depression. Disorders had to be
stated as per the classificatory systems such as, The International Classification of Diseases (ICD) or Diagnostic and Statistical
Manual of Mental Disorders (DSM).
A.3) Diagnosis and Screening Instrument Cut Points.
The PHQ measures were introduced within the PRIME-MD set of instruments and scales and were made for use in
primary care and 20 non-psychiatric settings. The nine-item PHQ contains items derived from the DSM-IV classification
system pertain to:
(1) anhedonia, (2) depressed mood, (3) trouble sleeping, (4) feeling tired, (5) change in appetite, (6) guilt or worthlessness, (7)
trouble concentrating, (8) feeling slowed down or restless, (9) suicidal thoughts.
The two-item PHQ includes only 2 questions pertaining to:
(1) anhedonia, and (2) low mood.
A.4) Search Strategy.
It developed search keywords from a series of depression-specific terms developed by the Cochrane Depression and
Anxiety group and implemented a series of free-text terms to identify any publications that mentioned the PHQ and PRIMEMD instruments by keyword in their abstracts.
A.5) Data Abstraction and Quality Assessment.
It initially generated 2×2 tables for all studies at suggested cut off points. From these it calculated sensitivity,
likelihood ratios (positive and negative), specificity. The likelihood ratio indicates a solution of the predictive ability of a test,
which, unparallel to positive predictive value, is a fundamental predictive feature of the instrument that does not change
according to the baseline prevalence of the disorder in consideration.
We also processed the diagnostic odds ratio (DOR): the ratio of the odds of a positive test among those with the disorder
to the odds of a positive result among those without the disorder.
A.6) Data Synthesis and Meta-Analysis.
It used a bivariate diagnostic meta-analysis to gain control of pooled estimates of sensitivity and specificity; positive
and negative likelihood ratios; and a summary diagnostic odds ratio. In short, this method fits a 2-level model, with independent
binomial distributions for the true positives and true negatives conditional on the sensitivity and specificity in each study, and a
bivariate normal model for the logit transforms of specificity between studies and sensitivity.
Receiver Operator Characteristic (ROC) curve is the most informative method of demonstrating the inherent trade-offs
between sensitivity and specificity for the test or diagnostic instrument. Thus, it created a single graph of sensitivity and
specificity in the ROC space. Summary Receiver Operator Characteristic Curve (sROC) had then been developed using the
bivariate model to generate a 95% confidence ellipse within ROC Space.
This stepwise overview of the diagnostic attributes of the PHQ2 and PHQ9 instruments is the initial step to
summarize current validation work beyond the initial population studies. For major good depressive disorder, the PHQ9 has
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diagnostic properties, and was ready to accurately identify major depression (sensitivity 92%) while being able to dodge this
condition with some certainty (specificity 80%). Despite the clinical heterogeneity of studies in terms of settings (community,
primary care, and a range of hospital specialties), the characteristics of the PHQ for major depression were relatively stable
between a range of settings and specialties. The diagnostic properties of the PHQ9 were relatively good using either the ≥ 10 or
―diagnostic algorithm‖ process, and the meta-analysis was not able to find a significant difference in performance according to
which method was used.
Clinicians and researchers may therefore vary in their choice of cut point according to the clinical population, and
the data in the present meta-analysis provide some empirical justification for this. There is enough under-recognition of
depressive disorders in primary care and hospital settings, and the PHQ has now emerged a reasonable instrument, which can be
adopted in routine practice, within a variety of settings. It compares well with longer or clinician-administered instruments.
Even highly sensitive and specific screening tests are likely to be wrong more often than they are right in non-specialist settings
with a low base rate of depression. Candidate depression enhancements include collaborative care, and successful programs
often include case finding instruments such as the PHQ.
B. MultiModal Depression Detection
The study [15] suggests that men are likely to develop MDD at risk of 10-20% whereas women have chances of 5-12% of
developing the same. The study [16] indicates to the fact that median period of depression is said to be three months, and
subsequently, prediction of the depression stage of any individual should be liable to analysis and observation for longer
durations.
The challenges involved in making such a depression detection model are:
1) Large Decision Unit. The size of the data must be enormous for the accuracy but processing such huge volumes of data
is an arduous task. During the processing of huge audio or video data, using statistical operations such as e.g. min, max,
mean, quartiles to smaller duration features over the entire period of observation can lead to misplacement of highly
detailed and minute temporal information such as short-term sighs in despair, anger or laughing.
2) Restricted number of samples. With a diminutive sample size, the amount of features should also be small to evade the
challenges of dimensionality and overfitting.
For solving the aforementioned problems, we use modeling based multi modal feature. The interview [3] is first segmented
according to topics. Then, audio, video, and semantic features are generated for every segment individually and subsequently
placed in a different slot of the topic in the feature vector. After the features for all topics have been placed, a two-step
feature selection algorithm is performed to reduce the feature vector and only retain the most differential features. Following
results were expected:
1) To Logically Arrange short-term characteristic depending on context.
2) Increase in flexibility and accurate unearthing of important feature. The paper includes only those features which
are in useful context. The suggested feature building method supplies any permutation of features and context like
smiling (friends) and smiling (family).
The different components are explained here:
B.1) Topic Modeling.
Topic Modeling [4] needs algorithm like latent Dirichlet allocation [17] (LDA). First, we form a preparative sentence
dictionary by coursing through all the Ellie’s speech and store all non-repetitive sentences. Then, we conduct manual
cleansing of the introductory dictionary, where sentences that do not initiate substitutive topics (e.g., ―that’s better‖) are
disposed. Later, we start clustering of the dictionary, in which the sentences which start the similar topic are combined
together. This is done in two moves. First, very akin sentences with up to 3 or 4 symbols in dissimilitude are assembled
involuntarily. Secondly, added manual assembling and detection check are conducted. Then, we retrospect each sentence
group, link each group to the corresponding group, and place it into the topic dictionary. Thus, the topic dictionary is
reframed as [topic name, corresponding Ellie sentences]. For conducting context-aware analysis, the attribute vector needs
to store the features of each topic individually.
B.2) Features.
Audio features taken from C––––OVAREP [18] toolkit which develops a 74- dimensional attribute (feature) vector for
permanent features. Video features use action units (AUs) from OpenFace Toolkit including 20 key AUs. Also has
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Semantic features such as Linguistic Inquiry and Word Count (LIWC) having 93 divisions. Only a minimal amount of
features are useful and we assume the number of features to be puny enough to dodge potential overfitting.
B.3) Regression Model Building.
Data Balancing has been hugely reported that imbalanced classes of data will greatly affect the ability of machine
learning and its algorithms. Regressors conduct a grid search for the below regression models: random forest regression
(number of trees: 1, 10, 20, 30, 40, 50, 100, and 200), stochastic gradient descent (SGD) regression, and support vector
regression (SVR) (kernel: linear, polynomial, and radial basis function (RBF)).
The Experimental setup is as follows:
1) Test Strategy: performing both utilization and testing on the generating set will lead to significant overfitting on the
development set.
10-fold stratified cross-validation (CV): In this testing method, the training set and development set are combines and then
distributed into 10 folds in a stratified manner. Every time, one-fold is used for testing and rest 9 folds are utilized for training.
The model-independent attribute selection is conducted. Instead, we find the most useful model, hyper-parameters, and feature
numbers in the CV test and utilize them to construct the model on the observant set.
2) Metrics: Root mean square error (RMSE) is the target; thus, all optimizations, combining model selection and feature
selection, are conducted according to this metric. Mean absolute error (MAE) [19] is another metric used with RMSE to
understand the dissimilarities between ground truth and prediction of test set results. Pearson correlation coefficient (CC) is an
important metric to evaluate the regression performance, which can reflect the linear correlation between ground truth and
prediction. F1-score computes the version of binary depression categorization.

Figure 1: Representation of the proposed topic modeling based multi-modal feature vector generation scheme.

4. CONCLUSION
Thus the paper shares several techniques and sugests to conduct a questionnare based survey in detail with reference to
the subjects decided. In AVEC 2016 text is evaluated on a topic level and audio/video features are distinguished and extracted
and then mixed with semantic features, i.e., topic modeling is not used in these approaches However, the question/answer
distillation is only applied to text analysis. Audio and video analysis is still conducted separately.
On the other hand, topic modeling is a technique to discover topics from documents that has been widely picked up in
applications such as text mining and recommendation systems. In addition, to check the eﬀectiveness of the proposed two-step
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feature selection algorithm, we compare it with a baseline feature selection algorithm that only consists of step 2 of the
proposed method, which only considers the score of each feature individually
Therefore, we propose a novel topic modeling based approach to perform context aware analysis.
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