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• AI-based estimation substantially 
increased the number of MDD patients 
with analyzable outcome data in RWD.

• Sample sizes grew by up to 6x for 
treatment response (eCGII) and 2.6x 
for depression severity (ePHQ9).

• These validated models offer a 
scalable way to close critical gaps in 
structured mental health data.

–
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The Patient Health Questionnaire 9-item PHQ9) and the Clinical 
Global Impression Scale–Improvement CGII) are standard 
measures of depression severity and treatment response in major 
depressive disorder MDD.¹,²
Documentation of these measures in electronic medical records 
EMRs is inconsistent, which limits the utility of real-world data 
RWD) for large-scale MDD studies.
Artificial intelligence AI) models have been developed and 
validated to estimate PHQ9 (ePHQ9) and CGII (eCGII) scores 
from routinely recorded clinical notes.³ ,⁴

• Documentation gap: Only 21%  38,252/182,750) of the eCGII 
cohort had a recorded CGII score in the study timeframe, and 
38%  29,608/77,871) of the ePHQ9 cohort had an observed 
PHQ9 score Figure 1, Table 1.

• eCGII Applying the eCGII model expanded the available study 
sample size by 4.3x to 6.0x across antidepressant drug classes.

• ePHQ9 The ePHQ9 model generated estimated scores for 
61,794 patients, increasing the number with analyzable 
depression severity data from 29,608 to 77,871 Figure 2.

• Clinical validity: In prior work, the ePHQ9 correlated more 
strongly with physician-attested treatment-resistant depression 
severity (r=0.42) than observed PHQ9 scores (r=0.31).⁵

To assess the feasibility of applying the ePHQ9 and eCGII models 
to expand the population of MDD patients with analyzable outcome 
data for RWD studies.
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Figure 1. Proportion of each cohort with a recorded outcome score
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Conference

• Data source: OM1 MDD PremiOM Dataset, a large U.S.-based 
RWD source with structured and unstructured EMR data on 
490,000 patients with MDD receiving care from mental health 
professionals.

• eCGII cohort: Patients initiating a new antidepressant with 
baseline and follow-up observations (n=182,750.

• ePHQ9 cohort: Patients with MDD with or without an observed 
PHQ9 score within the study window (n=77,871.

• Estimation models: Both models generate scores from clinical 
notes written by mental health professionals and were previously 
validated against recorded scores Table 2.

• Analysis: The proportion of patients with analyzable outcome 
data was compared before and after applying each model.

eCGII cohort ePHQ9 cohort
Patients in cohort, n 182,750 77,871
Recorded score, n %  38,252 21%  29,608 38% 
No recorded score, n %  144,498 79%  48,263 62% 
Sample size gain with 
estimation

4.3x–6.0x (by drug 
class) 2.6x

Table 1. Analyzable outcome data before and after estimation
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Figure 2. ePHQ9 cohort: patients with depression severity data

Table 2. Prior validation of the estimation models

Model Validation metric Result

ePHQ9³ AUC 48,594 patients with recorded 
PHQ9 0.81

ePHQ9⁵ Correlation with physician-attested TRD 0.42 (vs. 0.31 for 
observed PHQ9

eCGII⁴ AUC, improving vs. not improving 
29,921 encounters) 0.71

eCGII⁴ Spearman correlation with recorded 
CGII 0.40
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