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Ll Puzzle: research on anxious and depressive disorders

U under-reported by patients and/or under-diagnosed by health professionals
(Falagas et al., 2007; Freeling et al., 1985; Higgins, 1994; McQuaid et al., 1999;
Sheehan, 2004),

" mental health troubles may be over-diagnosed (Aragones et al., 2006; Klinkman
et al., 1998).

L] Both situations may lead to:

U detrimental care,

U mismatch between people in need and those who receive antidepressant drugs
and/or anxiolytics.
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[l Unrecognized anxiety-depressive disorders may:

U be fueled by specific social and occupational situations;
U have strong adverse consequences on outcomes regarding:
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JE TN L1 Documentation of the big picture of people with
PAS e un.recognized mental health troubles. .
EPESTION, L] Using survey data of French 15+ yo matched with
O 7/ yearly healthcare consumption data from the French
i Sickness Fund.
[l Classification of people using tree-based machine
learning methods.
L] Description of factors associated with
R non-recognition of anxiety and depression symptoms
0000000 o0 00000100 0000000 00000000000 (us|ng SHAP Values)
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Several profiles emerge (through descriptive statistics and predictions from ML algo.):

[1 A strong income effect: lower personal disposable income is one of the most
important predictors of unrecognised anxiety/depression.
[l Marked occupational arduousness:
[ feeling of not having enough time to do one’s job,
U low decision latitude,
0 demanding or physically painful working conditions.

[J A significant gender effect, consistent with epidemiological evidence on the
prevalence of anxiety and depressive disorders.

[1 Reduced social participation: weaker engagement in group activities, fewer
social interactions (friends, colleagues, organisations).

[ Specific medical consumption patterns: higher use of pharmacy products and

more consultations with general practitioners, partly reflecting chronic conditions.
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2. Data
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[J Survey Data (Enquéte Santé et Protection Sociale, ESPS, 2012)

[ Representative sample of individuals aged 15+ covered by social security,
U Socio-professional characteristics,

0 Self-reported health, chronic conditions, MHI-5 mental health score,

0 Regional characteristics,

) Working conditions,

[ Social participation and frequency of social interactions.

[J' Healthcare consumption data (French health insurance liquidation data)

U Expenses, reimbursement, co-payment, extra-fees, deductible, no. medical sessions,

0 Outpatient, GP, Specialist, Pharmacy, Physiotherapist, Nurse, Dentist, Equipment,
Transport, Optical, Prostheses, Emergency.

[l After cleaning data and targeting people: [0 [ 0I000.
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3. Methodology
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3.1. Classification

00 OO0 O0 Oomon 00 o 00 0000000000 0 0000 0O0I000I00 00000000 00 000 00000 00000000 Donoooa 00 0 00




000000000 000 00000 000000 000000 00 00000000000 00 DO0DI00I00 000000 0000000 00000 0000000000 0000000
L omoooomoo

0 Di00ooonoo booond

The survey population is segmented using two variables:

L Self-report of depression status (Experienced depression over the past 12
months)

U Calculation of the Mental Health Inventory (MHI-5) score []

U Based on the answers to 5 items (mental burden, concerning nervousness,
self-motivation, peacefulness, sadness and happiness),

0 The MHI-5 scores takes values between 0 (poorest mental health) to 100,
0 The first quartile of the distribution in the sample is (5 O O0.
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Among respondents who did not
report having experienced
depression during the previous 12
months:

U [ people with a low
MHI-5 score (O Op)
(imaginary healthy patients)

0 [ 00 people with a high
MHI-5 score (O Op)

Figure 1: Density of MHI-5 scores according to
self-reported depression status.
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Table 1: Size of groups of individuals according to their MHI-5 score and self-reported
depression status.

Self-reported status
Depression No Depression Total

MHI-5 00, 572 (48%) 3,193 (269%) 3,765 (31.7%)
MHI-500; 101 (0.9%) 8,006 (67.5%) 8,107 (68.2%)

Total 673 (5.6%) 11,199 (94.3%) 11,872 (100%)
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In the sample of indiv. who did not report having experienced depression :
U No Depression & MHI-5 [ [0: 001000 of 0001000 (28.5%): Imaginary healthy
U No Depression & MHI-5 [J [J;: 8,006 of 00000 (71.5%).
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[J Objective: discriminate between [, (imaginary healthy) and [ .-
(healthy) individuals.

[l Data splitting:
[ Training sample (60%): used for model estimation and repeated k-fold

cross-validation to tune hyperparameters,

0 Validation sample (20%): used to select the probability threshold that maximizes
sensitivity,
U Test sample (20%): held out for the final evaluation of each model.

[l Fit three classifier: Random Forest, XGBoost, and penalized logistic regression.
[0 Model comparison:

U Final evaluation on the test sample,
' Primary metric: sensitivity (correct identification of [Jpn),
[ Secondary metrics reported: specificity, PPV, NPV, and AUC.
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[0 Random Forest is an ensemble of decision trees built on
bootstrap samples of the data. Each tree is trained on a slightly different subset
of observations.

U At each split, a random subset of variables is considered (decorrelates the trees),

U Final prediction: average of predicted prob. across all trees.
0 Hyperparameters: 0000=9, 0000000000000DOO, 00DO0O=500

[1 XGBoost builds an additive sequence of decision
trees, where each new tree focuses on the errors made by the previous ones.

0 Trees are learned sequentially to minimize a logistic loss,
U Misclassified observations receive more weight in later iterations,
0 A learning rate controls how much each tree contributes to the final model.

0 Hyperparameters: 0000000=500, 000000000=5, 0000000000000000=8,
000=0.01, 00000=5, 000000000C0O00000=150, 000000000=0.9
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[ Penalized Logistic Regression . a logistic regression with
a penalty added to the loss function to avoid overfitting and to stabilize
estimation in the presence of many correlated predictors:

Duug |:1 100,00, O 0200 O BIAREraR e Biei

Ji0o0oo 0o booaog

where 1000 is the negative log-likelihood, [ controls the balance between L1 and
L2 penalties, and 0 controls the overall regularisation strength.

U Hyperparameters: 00000=0.2909091, 000000=0.01157483.
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3.2. Model Explanations
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L1 Once the model is estimated, we would like to explain the predictions, using an
XAl technique.

L] Generally, XAl techniques are used to decompose model predictions into
feature-wise contributions

[l Cooperative game theory offers a useful framework for attributing predictions
to input features, with the Shapley value being a
widely used allocation rule

7 In a collaborative game, the Shapley value corresponds to the average expected
marginal contribution of a player (considering all possible combinations of

players).
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Objective: Attribute a ML model prediction UIx[, for an individual x 0", to each of
the 0 features used to train the ML model U:

i
00x0 0O Oy O 3 00000 with Oy O Ox000X00 1
000
L0 SHAP uses Shapley values from cooperative game
theory to compute I (SHAP value), depending on a value
function [.
O0 000000000 0ooo O ] e DD[DDD = DD[DDDD 0 0000x0 O 0000 x000
0000000000000

U To select [, one desired constraint is that 0000 x0 [0 O0x0. We can choose:

U00OIx0 O 0000X0 D X5 O xpll for the individual x U Dxglxpl [
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3.3. Clustering
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[l SHAP values are computed at the level of each observation.
Ll It may be possible to group the respondents depending on their SHAP values.

L] We focus on people predicted "Imaginary healthy patient” by the model.
L1 To do so:

U Hierarchical clustering,
[ Selecting the number of groups depending on the Silhouette score Rousseeuw (1957).
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4. Results
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4.1. Descriptive Statistics
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4.2. Classification with Ensemble Machine Learning
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Accuracy Sensitivity Specificity ROC-AUC
Method Train  Test Train Test Train Test Train Test
Random Forest 0.812 0.726 0.383 0.144 0.997 0977 096 0.72
XGBoost 0.676 0.667 0.666 0.690 0.680 0.658 0.74 0.71

Pen. Log. Reg. 0.740 0.749 0.276 0.301 0.941 00942 0.75 0.73

[l Accuracy: Overall proportion of correct classifications (Imaginary Healthy +
Healthy) among all predictions.

[l Sensitivity: measures how well the model detects the Imaginary Healthy
(proportion of imaginary healthy who are correctly classified as such).

[l Specificity: the proportion of healthy individuals correctly classified as healthy.

[ ROC-AUC: summarizes the trade-off between sensitivity and specificity across all
thresholds (higher AUC: better overall discrimination).
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4.3. Interpretation with SHAP Values
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Net Income per Cons. Unit A
Reimbursement General Practitioner
Age

Low Back Pain = Yes -

Reimbursement Pharmacy

Neck Pain = Yes -

Frequency Meeting with People in Organizations = Never -
Gender = Male

Have to Hurry to Do Job = Sometimes -
Very Little Freedom to Do Job = Never -
Other Variables A

00 02 04 06 08
Mean Absolute SHAP Value
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Impact of Variables on the Prob. of Being Classified as an Imaginary Healthy Patient.
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SHAP value (il;lpact on model output) SHAP value (impact on model output)
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Impact of Variables on the Prob. of Being Classified as an Imaginary Healthy Patient.
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Impact of Variables on the Probability of Being Classified as an Imaginary Healthy Patient.
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Decomposition of the Contribution of the Most Influential Variables to the Prediction
Deviation of Being Classified as an Imaginary Healthy Patient from the Baseline Value, for an
Individual with a Predicted Probability

Predicted value: 0.217
Base value: 0.476

Net Income per Cons. Unit
Age
Reimbursement General Practitioner

Gender = Male Variable impact

I Negative
I Positive

Frequency Meeting with People in Organizations = At least once a week
Frequency Meeting with People in Organizations = Never

Low Back Pain = Yes

Participation in Group Activities = No

Neck Pain = Yes

Reimbursement Pharmacy

Other Variables

! i
0.2 0.3 0.4 0.5
Shap values
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Decomposition of the Contribution of the Most Influential Variables to the Prediction
Deviation of Being Classified as an Imaginary Healthy Patient from the Baseline Value, for an
Individual with a Predicted Probability

Predicted value: 0.714
Base value: 0.476

Reimbursement Pharmacy
Reimbursement General Practitioner
Net Income per Cons. Unit

Age Variable impact

I Negative
I Positive

Long-term condition (Self-declared) = No

No. Medical Sessions General Pract.

Gender = Male

‘Waiver Appointment Delay Too Long = No

Frequency Meeting with People in Organizations = Never
Low Back Pain = Yes

Other Variables

0.3 0.4

Shap values
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