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A B S T R A C T   

Background: Major depression is the most frequent psychiatric disorder and primary care is a crucial setting for its 
early recognition. This study aimed to develop and validate the DEP-HScore as a tool to predict depression risk in 
primary care and increase awareness and investigation of this condition among General Practitioners (GPs). 
Methods: The DEP-HScore was developed using data from the Italian Health Search Database (HSD). A cohort of 
903,748 patients aged 18 years or older was selected and followed until the occurrence of depression, death or 
end of data availability (December 2019). Demographics, somatic signs/symptoms and psychiatric/medical 
comorbidities were entered in a multivariate Cox regression to predict the occurrence of depression. The co-
efficients formed the DEP-HScore for individual patients. Explained variance (pseudo-R2), discrimination (AUC) 
and calibration (slope estimating predicted-observed risk relationship) assessed the prediction accuracy. 
Results: The DEP-HScore explained 18.1 % of the variation in occurrence of depression and the discrimination 
value was equal to 67 %. With an event horizon of three months, the slope and intercept were not significantly 
different from the ideal calibration. 
Limitations: The DEP-HScore has not been tested in other settings. Furthermore, the model was characterized by 
limited calibration performance when the risk of depression was estimated at the 1-year follow-up. 
Conclusions: The DEP-HScore is reliable tool that could be implemented in primary care settings to evaluate the 
risk of depression, thus enabling prompt and suitable investigations to verify the presence of this condition.   

1. Introduction 

Major depression is the most frequent mental disorder in Western 
countries (Alonso et al., 2004; Aragonès et al., 2004; Bellón et al., 2013; 
King et al., 2013), with an annual prevalence of 4 % (Alonso et al., 
2004). Mood disorders are associated with the highest economic burden 
among mental disorders (King et al., 2008; Trautmann et al., 2016), with 
€ 118 billion annual cost for depression estimated in European countries 
in 2004 (Sobocki et al., 2006). Primary care is an important setting for 
early recognition of depression; indeed, there is a central role of general 
practitioners (GPs) in systematic and opportunistic screening of 
depressive disorder (Barry et al., 2023; Medina et al., 2020). As per Lech 
and coworkers, the cooperation of GPs with mental health specialists 

should be fostered in identification and treatment of depression ac-
cording to clinical guidelines. Among GPs, perceived usefulness of the 
clinical guidelines was positively associated (4.7-fold higher) with the 
usage of the guidelines themselves (Lech et al., 2022). 

Most people seeking help for depressive symptoms are treated in 
primary care (Australian Bureau of Statistics 4329.0, 2011) and almost 
25 % of primary care attendees report current depressive symptoms. 
Indeed, it has been demonstrated in the primary care setting that the 
first presentation of a mood disorder is often preceded or accompanied 
by somatic signs/symptoms, such as gastrointestinal or urological 
functional symptoms and/or headache (Castellini et al., 2016a). 

The need for fine-tuned indicators of signs and/or symptoms sug-
gestive for depression in primary care is demonstrated because no 
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relevant reduction of prevalence rate has been observed for this condi-
tion, despite the availability of treatment of proven efficacy and the 
improvement in screening and detection of depressive symptomatology 
(Ludman et al., 2000). Although early onset and treatment of depression 
does not seem necessarily associated with an improvement of disease 
outcome (Herzog et al., 2021), the use of prediction score supporting the 
case finding is considered helpful to initiate an individualized treatment 
approach (Kraus et al., 2020). 

Several studies demonstrated the high burden of depression, in terms 
of impact on general functioning, mortality rate and comorbid disorders 
(Alonso et al., 2004; Aragonès et al., 2004; Castellini et al., 2016a; King 
et al., 2013). Indeed, poor physical health is considered an important 
risk factor for depression in later life (Ormel et al., 1994). On the other 
hand, major depressive disorder is associated with several chronic 
medical conditions (Moussavi et al., 2007), including cardiovascular, 
metabolic (Ormel et al., 1994) and urological (Castellini et al., 2016b) 
diseases. Despite improvements in treatment interventions and the 
whole healthcare process for depression (Bellón et al., 2013), primary 
care needs prevention strategies to reduce the burden of this condition. 
Indeed, there are several issues related to the recognition of depressive 
disorder in the primary care setting. In particular, the lack of routine 
assessment as well as the incomplete evaluation of risk factors might 
lead to a delay in syndrome recognition (Ludman et al., 2000). Bellón 
et al. developed an algorithm for personalized prevention of major 
depression in primary care attendees (Bellón et al., 2011). Namely, the 
predicD algorithm was built according to several variables, including 
gender, age, education, childhood physical abuse, lifetime depression 
and other demographic variables (Bellón et al., 2011; King et al., 2013). 
Compared to other clinical specialized settings, a lower range of specific 
clinical variables is available in primary care. Nevertheless, primary 
care data have the advantage of including large representative and 
heterogenous populations with several years of follow-up, with lifestyle 
and clinical variables that are longitudinally updated over time. For this 
reason, a reliable and easy-to-use algorithm to detect depression in 
primary care might allow for the disorder to be suspected or diagnosed 
in the early phases, staging of the risk, verification of the diagnosis and 
related severity and the prevention of relapses. Indeed, it has been re-
ported that between 10 % and 21 % of GPs attendees with subthreshold 
symptoms and no history of depression develop major depression over 6 
months (Davidson et al., 2015) and 2 years (Karsten et al., 2011), 
respectively. We therefore hypothesized that a clinical decision support 
system (CDSS) including this type of algorithm should improve GPs' 
capacity to recognize cases of depression. By using this tool, GPs can 
direct their focus towards particular subgroups of patients who are at a 
higher risk of developing depression, while also managing their work-
load effectively. After identifying these high-risk patients, further as-
sessments can be conducted using specialized tools, such as the PHQ-2/ 
9,(Levis et al., 2020) to confirm the diagnosis, evaluate its severity, and 
determine whether a specialist referral is necessary. 

We therefore aimed to develop and validate the DEPression Health 
Search score (DEP-HScore) for predicting the risk of depression in pri-
mary care. 

2. Methods 

2.1. Data source 

Data for the development of the DEP-HScore were collected from the 
Health Search Database (HSD), an Italian general practice database that 
includes patients' records for a group of over 1000 GPs homogenously 
distributed across Italy. The details of the HSD structure are extensively 
reported elsewhere (Castellini et al., 2016a; Guglielmi et al., 2017; Lapi 
et al., 2012). In brief, GPs voluntarily agreed to collect patients' infor-
mation after attending training courses for data entry. In order to 
include GPs in the present study, they should meet standard quality 
criteria pertaining to the levels of coding, prevalence of well-known 

diseases, mortality rates and years of recording (Cricelli et al., 2003). 
The present study included 800 GPs homogenously distributed across all 
areas of Italy, covering a patient population of 1,163,855 individuals. 

Patients' demographic details are linked with an encrypted code to 
clinical records (diagnoses, referrals, tests prescriptions, and results), 
drug prescriptions (drug name, date of filled prescription and number of 
days' supply), lifestyle-related records (i.e., body mass index [BMI], 
smoking and alcohol consumption), hospital admissions and date of 
death. Diagnoses and medications are coded using internationally 
recognized codes, such as the 9th Revision of the International Classi-
fication of Diseases, Clinical Modification version (ICD-9-CM), and the 
ATC classification, respectively. 

The study protocol was approved by the Scientific Committee of the 
Italian College of General Practitioners and Primary Care. 

2.2. Study population 

A cohort of patients aged 18 years or older during the period between 
1 January 2002 and 31 December 2018 was selected. The date of the 
first GP's visit within the eligibility period was the study index date. 
Patients were followed until the occurrence of one of these events, 
whichever came first: depression (i.e., event date), death from any cause, 
end of data registration with GP or end of study period (31 December 
2019). Patients diagnosed with depression (i.e., as defined below) in the 
overall period preceding or on the index date were excluded. Then, the 
cohort was randomly divided into two sub-cohorts containing approxi-
mately two-thirds and one-third of patients, respectively; these were 
referred to as the development and (internal) validation cohorts. 

We adopted the same selection criteria to form three temporal (as 
proxy for external validity) validation cohorts, which were operationally 
defined within the HSD in 2020, 2021 and 2022. These three time- 
windows differ from those adopted to develop and internally validate 
the DEP-HScore. Indeed, when this these algorithms are developed 
through a representative data source with the aim to apply this score in 
the same setting, the “internal” validity is sufficient (Ramspek et al., 
2021). Nevertheless, the changes over time of patients' characteristics 
sustain temporal validation as advisable for any score intended to be 
implemented in clinical practice, especially when a longitudinal data 
collection is considered (Steyerberg et al., 2010b). 

2.3. Event definition 

We captured the first-ever episode of depression coded via ICD-9-CM 
codes (i.e., 311, 296.2, 296.3) registered by GPs during the study follow- 
up. We also identified those cases with a specialist referral (i.e., psy-
chiatrist, neurologist) within 1 month before or after the event date. 
When the date of the specialist referral preceded the date of the ICD-9- 
CM code record, it was adopted as the event date. It is expected that 
Italian GPs did not code a depression diagnosis without a specialist's 
confirmation. Nevertheless, the HSD could miss some information on the 
prescription of the specialist's referral. The aforementioned procedures 
therefore allowed us to identify those cases that were more reliable and 
specific in terms of event definition and these cases were then used to 
perform sensitivity analyses. 

2.4. Determinants for depression onset 

We considered all determinants, along with age (centered on the 
cohort's mean age) and gender, known to affect the onset of depression. 
They were identified according to the medical literature (Barkow et al., 
2003; Bellón et al., 2011; King et al., 2011), including our prior work 
(Castellini et al., 2016a) and clinical rationale. Namely, we selected 
those diagnoses coded via the ICD-9-CM (and free-text wherever 
necessary) or other measures of interest that were registered in the 
overall period preceding the index date, inclusive. We identified life-
style, variables coding for somatic signs/symptoms and psychiatric/ 
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medical comorbidities. Specifically, the lifestyle variables comprised 
smoking (i.e., current, former, non-smoker), alcohol abuse and alcohol- 
related diseases, and also obesity (BMI ≥ 30 kg/m2). Variables coding 
for somatic signs/symptoms included the presence of insomnia, hyper-
somnia, weight loss, joint pain, dizziness, headache or migraine, back 
pain, neck pain, amnesic syndrome, fatigue, psychalgia, irritable bowel 
syndrome, constipation, abdominal pain and pelvic inflammatory 
disease. 

Psychiatric comorbidities were as follows: neurotic disorders, stress- 
related disorders, substance abuse, anorexia and bulimia nervosa, and 
also eating disorders not otherwise specified. 

Furthermore, medical comorbidities included congestive heart fail-
ure, ischemic heart disease, peripheral vascular disease, chronic respi-
ratory disease, rheumatic diseases, fibromyalgia, peptic ulcer disease, 
mild liver disease, severe liver disease, diabetes with and without 
chronic complications, hemiplegia or paraplegia, kidney disease (also 
referred to any value of GFR < 60 mL/min/1.73 m2; last measurement 
prior or on the index date), dialysis and/or kidney transplantation or 
free text “dialysis” or “kidney transplant”), any form of cancer, meta-
static cancer, ischemic stroke, transient ischemic attack, celiac disease 
and senile dementia. Finally, we included the number of contacts with 
GPs in the years before the index date (1–5 contacts or ≥ 6 contacts; i.e., 
nominally below or above the mean values). 

2.5. Data analyses 

To ensure the appropriate conduct and reporting of prediction/ 
diagnostic studies (Bossuyt et al., 2003), development and validation of 
the DEP-HScore was conducted according to the TRIPOD statements 
(Collins et al., 2015) and the PROBAST tool (Wolff et al., 2017). 

We reported descriptive statistics for continuous (mean and standard 
deviation [SD]) and categorical values (% and related 95 % confidence 
interval [CI]). We estimated the incidence rate of depression by dividing 
the number of events by the person-years cumulated during follow-up. 

The association between demographics, somatic signs/symptoms, 
comorbidities and the onset of depression was quantified in the devel-
opment cohort. Namely, along with age (centered on the mean value) 
and gender, all the aforementioned candidate determinants were 
entered in a multivariate Cox regression model according to a backward 
stepwise approach (p < 0.10 for entering and < 0.15 for exiting vari-
ables). By doing so, we entered the covariates in the model according to 
clinical and statistical bases (Wang et al., 2008). We therefore obtained a 
regression beta coefficient for each determinant. Thereafter, a patient- 
specific score, named the DEP-HScore, was computed through the 
linear combination of individual coefficients, excluding those estimated 
for missing categories. The DEP-HScore was therefore categorized in 
deciles. Using the internal validation cohort, we evaluated the accuracy 
of the DEP-HScore by calculating the explained variance (pseudo-R2) as 
a performance measure, the area under the curve (AUC) as a discrimi-
nation measure and the predicted/observed ratio as a calibration mea-
sure (where a ratio of 1 indicates perfect calibration). Pseudo-R2 

indicates how the selected determinants are able to explain the variation 
of depression occurrence; the AUC provides an indication of the score 
capacity to distinguish cases versus non-cases of depression; and the 
score calibration allowed quantification of the distance between pre-
dicted and observed risk against perfect (i.e., ideal bisector) calibration 
(Moons et al., 2015; Steyerberg et al., 2010b). 

We calculated the predicted risk of incident depression at 3, 6 and 12 
months by combining the regression coefficients of the DEP-HScore with 
the baseline hazard function for the diagnosis of depression. By doing so, 
we were able to evaluate the different distribution of incident cases of 
depression during the first year of follow-up. 

Furthermore, we evaluated the presence of “moderate” calibration 
using a flexible calibration curve. In this respect, we used a spline-based 
tool with confidence intervals to plot the predicted versus observed risk 
of depression (Van Calster et al., 2016; Van Hoorde et al., 2015). The 

calibration was formally tested at 3, 6 and 12 months of follow-up by 
calculating the calibration slope and related intercept for all these 
intervals. 

In the temporal “external” cohorts, defined in 2020, 2021 and 2022, 
we calculated pseudo-R2 as a performance measure and AUC as a 
discrimination measure. For the same years, calibration slope and 
calibration-in-the-large (CITL) (Steyerberg et al., 2010b) were obtained 
and formally tested by contrasting expected and observed risk deciles of 
the DEP-HScore. For these analyses, every determinant of incident 
depression was operationally defined on 1 January of each year. 

We conducted two sensitivity analyses. First, we tested the burden of 
prevalent cases of depression on the score performance, given that 
depression is frequently defined as a “period” prevalent disease (Lim 
et al., 2018). Namely, we re-ran the primary models, limiting the 
exclusion of patients previously diagnosed with depression to those 
presenting the event in the 2 years preceding or on the index date. By 
doing so, we accounted for the burden of depression relapses in the 
primary care setting. Second, to account for event misclassification, we 
repeated the primary analysis by limiting cases of depression to those 
coupled with psychiatric/neurological referrals. All these analyses were 
conducted in the internal validation cohort by calculating pseudo-R2, 
the AUC, and the predicted/observed ratio and. All analyses were con-
ducted using Stata Version 14.0. To report the effect size of the indi-
vidual determinants forming the DEP-HScore, a significance level was 
set to α < 0.05. 

3. Results 

A total of 1,355,623 patients met the study inclusion criteria. The 
mean age was 47.61 years old and there were more females (around 53 
%) than males forming the development (n = 903,748) and internal 
validation (n = 451,875) cohorts. During follow-up, we identified 
42,006 and 21,031 patients with depression, yielding overall incidence 
rates of 50.74 (95 % CI = 50.26–51.23) and 50.81 (95 % CI =
50.13–51.5) per 10,000 person-years in the development and internal 
validation cohort, respectively. The rate of depression was twofold in 
females compared to males. In addition, the rate of depression increased 
with age, achieving the greatest rate in patients aged 75–84 years 
(Table 1). 

Table 2 depicts the degree of association with onset of depression for 
each determinant across the observation period for the development 
cohort. According to the backward stepwise approach, 30 out of 42 were 
kept in the final models (beta coefficients are depicted in Supplementary 
Table S1). As far as demographic and lifestyle characteristics are con-
cerned, female gender, obesity and current smokers showed a positive 
association with a higher incidence rate of depression, increasing the 
risk of depression by 1.72-, 1.11- and 1.35-fold, respectively. Among the 
somatic signs/symptoms included in the final model, the strongest as-
sociations with the occurrence of depression were found for fatigue 
(hazard ratio [HR] = 1.32; 95 % CI = 1.25–1.4) and insomnia (HR =
1.24; 95 % CI = 1.01–1.52). The other determinants showed HRs 
ranging from 1.21 to 1.17. Only psychalgia had a non-significant asso-
ciation with the occurrence of depression. Regarding “medical comor-
bidities”, the strongest associations were found for celiac disease and 
hemiplegia/paraplegia, with 1.45- and 1.42-fold increased risk of 
depression, respectively. The other risk factors showed an increase in the 
risk of occurrence of depression ranging from 1.07 to 1.29. In contrast, 
the presence of kidney disease was associated with a reduction in the 
risk of depression (HR = 0.92; 95 % CI = 0.89–0.95). Among the 
“psychiatric comorbidities”, eating disorders showed a positive associ-
ation with the occurrence of depression, increasing the disease risk by 
1.69-fold. In contrast, neurotic disorders and stress-related disorders 
seemed to be associated with a reduced risk of depression: 37 % and 27 
%, respectively. 

The individual DEP-HScore was determined by combining the 30 
beta-coefficients (corresponding to the HRs; see Supplementary Table 1 
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for specific values) that were associated with the aforementioned de-
terminants. Each subject was assessed for their predicted risk of 
depression at 3 (6 and 12) months of follow-up using a Cox regression 
that included a baseline hazard function (intercept) and the relevant 
beta-coefficients based on the presence or absence of risk factors, with 1 
(i.e. the product with beta coefficient was therefore equal to the beta 

values) indicating the presence of covariates and 0 (i.e. the product with 
beta coefficient was therefore null) indicating their absence. 

When the DEP-HScore was categorized in deciles and applied to the 
internal validation cohort, it was able to explain 18.1 % (95 % CI =
17.7–18.49) of the variation in depression onset. In terms of discrimi-
nation, the AUC was 0.67 (95 % CI = 0.66–0.68). In order to evaluate the 
calibration performance, spline regression fitting for predicted versus 
observed risk of overall depression episodes showed some over- and 
underestimation. As a whole, the greater proportion of patients was 
associated with a predicted risk of approximately 0–0.02 (Fig. 1). Cali-
bration slope and related intercept were formally tested at 3, 6 and 12 
months of follow-up. As shown in Table 3, the equivalence hypothesis 
was not rejected with 3 months of follow-up. 

With regard to temporal (as proxy of external) validity, pseudo-R2 

was 25 %, 24 %, and 28 % in 2020 and 2021, and 2022, respectively; 
AUC was 0.68 (95 % CI = 0.66–0.69) and 0.71 (95 % CI = 0.70–0.74) for 
2020/2021 and 2022, respectively. In the 2020, 2021 and 2022 cohorts, 

Table 1 
Characteristics of patients in the development and in the internal validation 
cohort.   

Development Cohort 
(n = 903,748) 

Validation Cohort 
(n = 451,875) 

n (%) n (%) 

Sex (Male)   
Female 479,471 (53.1) 240,249 (53.2) 

Age categories (18–34)   
35–44 183,999 (20.4) 92,205 (20.4) 
45–54 147,608 (16.3) 73,609 (16.3) 
55–64 124,197 (13.7) 62,157 (13.8) 
65–74 101,999 (11.3) 51,373 (11.4) 
75–84 66,518 (7.4) 32,973 (7.3) 
≥85 21,229 (2.4) 10,551 (2.3) 
Age (years, mean [±SD]) 47.61 ± 18.27 47.61 ± 18.25 

Smoking   
Smokers 48,041 (5.3) 24,044 (5.3) 
Ex-smokers 27,269 (3.0) 13,433 (3.0) 
Missing 750,788 (83.1) 375,251 (83.0) 

Obesity   
Obesity 25,116 (2.8) 12,714 (2.8) 
Missing 789,443 (87.4) 394,689 (87.3) 
Alcohol consumption 3821 (0.4) 1816 (0.4) 

Somatic signs/symptoms   
Weight loss 1186 (0.1) 550 (0.1) 
Joint pain 11,428 (1.3) 5733 (1.3) 
Insomnia 3117 (0.3) 1524 (0.3) 
Hypersomnia 4941 (0.6) 2477 (0.6) 
Dizziness 19,877 (2.2) 9816 (2.2) 
Migraine/headache 26,246 (2.9) 13,273 (2.9) 
Back pain 47,660 (5.3) 23,831 (5.3) 
Neck pain 15,285 (1.7) 7501 (1.7) 
Amnesic syndrome 15 (0.0) – 
Fatigue 19,848 (2.2) 9966 (2.2) 
Psychalgia 2396 (0.3) 1204 (0.3) 
Irritable bowel syndrome 10,715 (1.2) 5392 (1.2) 
Constipation 7690 (0.9) 3765 (0.8) 
Abdominal pain 17,604 (2.0) 8965 (2.0) 
Pelvic inflammation disease 210 (0.0) 93 (0.0) 

Medical comorbidities   
Congestive heart failure 4487 (0.5) 2255 (0.5) 
Ischemic heart disease 7507 (0.8) 3629 (0.8) 
Peripheral vascular disease 18,964 (2.1) 9348 (2.1) 
Chronic respiratory disease 50,337 (5.6) 25,046 (5.5) 
Rheumatic disease 4274 (0.5) 2154 (0.5) 
Peptic ulcer disease 17,719 (2) 9070 (2.0) 
Mild liver disease 6185 (0.7) 3061 (0.7) 
Severe liver disease 303 (0.0) 147 (0.0) 
Diabetes without complications 38,630 (4.3) 19,342 (4.3) 
Diabetes with complications 215 (0.0) 124 (0.0) 
Hemiplegia or paraplegia 718 (0.1) 343 (0.1) 
Kidney disease 63,121 (7.0) 31,483 (7.0) 
Cancer 27,225 (3.0) 13,577 (3.0) 
Metastatic cancer 332 (0.0) 178 (0.0) 
Celiac disease 856 (0.1) 456 (0.1) 
Ischemic Stroke 7062 (0.8) 3534 (0.8) 
Transient ischemic attack 3683 (0.4) 1863 (0.4) 
Fibromyalgia 2006 (0.2) 968 (0.2) 

Psychiatric comorbidities   
Neurotic disorders 42,883 (4.8) 21,492 (4.8) 
Stress-related disorders 2545 (0.3) 1190 (0.3) 
Eating disordera 699 (0.1) 360 (0.1) 
Substance abuse 6806 (0.8) 3448 (0.8) 

Contacts   
≥6 335,197 (37.1) 167,653 (37.1) 
Mean [±SD] 6.26 ± 7.53 6.27 ± 7.51 

SD = standard deviation. 
a Anorexia and bulimia. 

Table 2 
Determinants of depression occurrence in the development cohort.   

HR (95 % CI)b pc 

Sex (Male)   
Female 1.72 (1.68–1.75)  < 0.001*** 
Age (years) 1.02 (1.02–1.02)  < 0.001*** 
Smoking (Non-smokers)   
Smokers 1.35 (1.28–1.43)  < 0.001*** 
Ex-smokers 1.09 (1.02–1.16)  0.007** 
Missing 1.2 (1.15–1.25)  < 0.001*** 
Obesity (No)   
Obesity 1.11 (1.05–1.18)  0.001** 
Missing 1.04 (1–1.08)  0.053 
Alcohol consumption 1.22 (1.06–1.4)  0.006** 
Somatic signs/symptoms   
Insomnia 1.24 (1.01–1.52)  0.038* 
Hypersomnia 1.21 (1.03–1.42)  0.022* 
Migraine/headache 1.26 (1.2–1.33)  < 0.001*** 
Fatigue 1.32 (1.25–1.4)  < 0.001*** 
Psychalgia 1.14 (0.96–1.34)  0.132 
Irritable bowel syndrome 1.17 (1.09–1.26)  < 0.001*** 
Abdominal pain 1.21 (1.14–1.29)  < 0.001*** 
Medical comorbidities   
Congestive heart failure 1.15 (1.03–1.28)  0.015* 
Ischemic heart disease 1.07 (0.98–1.17)  0.146 
Chronic respiratory disease 1.14 (1.1–1.18)  < 0.001*** 
Rheumatic disease 1.23 (1.11–1.36)  < 0.001*** 
Peptic ulcer disease 1.18 (1.11–1.25)  < 0.001*** 
Mild liver disease 1.3 (1.18–1.42)  < 0.001*** 
Severe liver disease 1.38 (0.9–2.1)  0.135 
Diabetes without complications 1.12 (1.07–1.16)  < 0.001*** 
Hemiplegia or paraplegia 1.42 (1.07–1.88)  0.014* 
Kidney disease 0.92 (0.89–0.95)  < 0.001*** 
Cancer 1.17 (1.12–1.23)  < 0.001*** 
Celiac disease 1.45 (1.09–1.93)  0.010* 
Ischemic Stroke 1.21 (1.11–1.32)  < 0.001*** 
Transient ischemic attack 1.14 (1.01–1.28)  0.031* 
Fibromyalgia 1.29 (1.1–1.5)  0.001** 
Psychiatric comorbidities   
Neurotic disorders 0.73 (0.7–0.77)  < 0.001*** 
Stress-related disorders 0.63 (0.51–0.76)  < 0.001*** 
Eating disordersa 1.69 (1.29–2.22)  < 0.001*** 
Contacts (1–5)   
≥6 1.36 (1.33–1.38)  < 0.001*** 

HR = Hazard Ratio; CI = Confidence interval. 
a Anorexia and bulimia. 
b Multivariate Cox regression: covariates are included in the model according 

to stepwise backward (p values <0.10 for entering and < 0.15 for exiting 
variables). 

c Significance: p-values refer to the Wald test whether the beta (β) coefficient 
of a given variable is statistically significantly different from 0. The related HRs 
are the exponentiated coefficients. 

* p < 0.05. 
** p < 0.01. 
*** p < 0.001. 
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the calibration slope did not reject the equivalence hypothesis, while 
tests on calibration intercepts were statistically significant (Table 4). 

Concerning the sensitivity analysis, when we limited the exclusion of 

those patients diagnosed with depression in the 2 years preceding the 
index date, the score was able to explain 17.3 % (95 % CI = 17.0–18.0) 
of the variation for depression, while in terms of discrimination the AUC 
was equal to 0.67 (95 % CI = 0.67–0.69). When cases of depression were 
limited to those coupled with psychiatric referral, the score explained 
19 % (95 % CI = 18.3–20) of the variation and AUC was equal to 0.68 
(95 % CI = 0.66–0.69); for all the sensitivity analyses, calibration values 
were consistent with those obtained for the primary analysis. 

4. Discussion 

The results of the present study demonstrated that the DEP-HScore 
has good accuracy as a prediction tool to identify depression onset in 
primary care. The design of the study to develop the model was able to 
identify predictors that were well defined and reproducible so increasing 
the generalizability of the model, as confirmed by the score calibrations 
calculated in 2020, 2021 and 2022. Unlike many prognostic models 
developed in hospital-based settings and then applied to primary care 
(Wynants et al., 2020), our model was specifically developed for use in 
general practice using data collected from general practice attendees. 

Overall, the incidence rate of depression in the present population 
was found to be similar to those detected in other studies with a similar 
design (Vilagut et al., 2013; Wittchen et al., 2003). Considering that a 
large proportion of patients with psychiatric symptoms receive a first 
diagnosis of mood disorder by GPs (Castellini et al., 2016a), we 
attempted to overcome the aforementioned shortcomings using primary 
care data. The novelty of the present approach was based on several 
lifestyle and clinical variables dynamically updated over time and not 
limited to specialists or hospitalization records. 

In accordance with previous observations, we confirmed the 
importance of somatic signs/symptoms as predictors of depression onset 
in the mid-term (Castellini et al., 2016a). Indeed, a significant associa-
tion between medical comorbidities and onset of depression was also 
observed (McIntyre et al., 2007), confirming that somatic signs/symp-
toms can be considered as the first signals of a latent mood disorder 
(Castellini et al., 2016a). On the other hand, the data of the present study 
add further evidence that mood disorders possibly share common bio-
logical underpinnings with several medical conditions (Pariante, 2021), 
such as cardiovascular diseases (Joynt et al., 2003), metabolic syn-
dromes (McIntyre et al., 2007) and urinary problems (Castellini et al., 
2016b). The relationship between somatic signs/symptoms, organic 
comorbidity and psychopathology is of particular interest in primary 
care (Hüsing et al., 2018). Indeed, in clinical practice, GPs often deal 
with medically unexplained symptoms and somatoform disorders (Hiller 
and Fichter, 2004; Smits et al., 2009). Furthermore, it has been reported 
that, in primary care, 40 % of patients presenting with at least one so-
matic symptom not directly associated with a specific medical comor-
bidity suffer from somatoform disorder (Haller et al., 2015; Hiller and 
Fichter, 2004) and these patients generally show clinically relevant 
depression levels in over 50 % (Löwe et al., 2008). Considering that 
depressive combined with somatic signs/symptoms are often associated 
with active suicide ideations and a relevant disability (Wiborg et al., 
2013), proper identification of this particular condition is a relevant 
issue for GPs' activity. A valid instrument for the identification of psy-
chopathology hidden by somatic signs/symptoms is a matter of concern 
in primary care, considering the consequences of a lack of recognition of 
this relationship. Indeed, as a result of the overuse of somatic and 
underuse of mental healthcare, impairment remains high while treat-
ment duration and costs continue to rise (Hüsing et al., 2018). 

Overall, the DEP-HScore has an acceptable accuracy and its good 
properties have been confirmed by the explained variance, discrimina-
tion and calibration measures obtained in the validation datasets. It is of 
note that higher predictive capacity was observed for females and older 
patients. Compared to previous investigations (Dowrick et al., 2011; 
Rubenstein et al., 2007) that developed prognostic models such as the 
THREAD study to predict depression, the present model was based on a 

Fig. 1. Calibration curve showing 1-year predicted vs. observed risk of 
depression according to deciles of DEP-HScore: internal validation sample. 

Table 3 
Calibration slope and intercept between observed and predicted risks of 
depression, at 3, 6 and 12 months of follow-up: internal validation cohort.  

t = 3 months 

Slope (p value) 0.92 (0.126) 
Intercept (p value) 0.005 (0.878)   

t = 6 months 

Slope (p value) 0.91 (0.034) 
Intercept (p value) − 0.05 (0.05)   

t = 12 months 

Slope (p value) 0.91 (0.007) 
Intercept (p value) − 0.07 (< 0.001) 

t = time of follow-up. 
Significance: test of equivalence for calibration slope = 1 and intercept = 0. 

Table 4 
Calibration slope and Calibration-In-The-Large (CITL) between observed and 
predicted risks of depression, at 3 months of follow-up: temporal “external” 
validation cohorts.  

2020 

Slope (p value) 0.98 (0.904) 
CITL (p value) − 0.83 (< 0.001)   

2021 

Slope (p value) 1.09 (0.460) 
CITL (p value) − 0.24 (0.006)   

2022 

Slope (p value) 0.85 (0.151) 
CITL (p value) − 0.60 (< 0.001) 

CITL = Calibration-In-The-Large. 
Significance: test of equivalence for calibration slope = 1 and CITL = 0. 
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larger population and a standardized assessment. The above-mentioned 
studies were insufficiently robust to use in the clinical prediction tool 
because of low prognostic accuracy (Chondros et al., 2018) and the 
development sample only included participants with mild to moderate 
depression and thus could not be generalized to new primary care pa-
tients who present with potential severe depression. The development of 
the Diagnostic Prognostic Index (Rubenstein et al., 2007) included a 
larger dataset (including 1471 primary care attendees) but was also 
unsuitable because the development sample excluded patients with 
subthreshold depression. Given that primary care subthreshold depres-
sion makes up the largest group of patients presenting with depressive 
symptoms, the prognostic model would not be generalizable to this 
population (Chondros et al., 2018). Furthermore, the length of the 
Diagnostic Prognostic Index (60 items) would limit its usability and 
usefulness in routine clinical practice (Toll et al., 2008). Finally, recent 
papers have reported the development and validation of prediction al-
gorithms obtained using machine learning and electroencephalogram 
(EEG) data (Jan et al., 2022; Liu et al., 2022; Shahabi et al., 2023) 
Although these tools showed good performances, the use of an EEG is 
not easily applicable to primary care records, thus limiting its use to 
specialist centers. 

The optimal early treatment strategy for patients with depression 
remains a topic of ongoing debate (Herzog et al., 2021; Rost et al., 
2023). Nonetheless, GPs play a crucial role in depression screening, case 
finding, and early recognition which are relevant aspects to better 
decide on individualized approach for patient's treatment. By using a 
CDSS based on DEP-HScore, GPs can direct their focus towards partic-
ular subgroups of patients who are at a higher risk of developing 
depression, while also managing their workload effectively. After 
identifying these high-risk patients, further assessments can be con-
ducted using specialized tools, such as the PHQ-2/9,(Levis et al., 2020) 
to confirm the diagnosis, evaluate its severity, and determine whether a 
specialist referral is necessary. Thus, the essential collaboration between 
GPs and mental health specialists should be facilitated. 

This study has several strengths. First, the dimension of the HSD 
allowed us to develop and validate a score in a population whose fea-
tures can be generalized to other Italian regular citizens. Second, most of 
the determinants of depression onset are represented by chronic dis-
eases. Only in a primary care setting with a 20-year or longer look-back 
period, we were able to sensibly capture most of these conditions. Third, 
compared to prior studies, the DEP-HScore model can be used to predict 
future onset of depression, stratifying patients into different risk cate-
gories. This systematic approach would protect GPs from the issue of 
over-treating patients with subthreshold depression (Davidson et al., 
2015) or the lack of efficacious treatment for major depression (Wang 
et al., 2007). Fourth, the length of the follow-up is longer compared to 
previous observations (e.g., 18 months for the predictD study; Fernán-
dez et al., 2018). Finally, our model should be easily implemented as 
CDSS in primary care, using electronic health records, which are 
mandatory for Italian GPs to provide patient's care (D.M. 4 March 2009 
[G.U. n. 146, 26 June 2009]; D.P.C.M. 26 March 2008 [G.U. n. 124, 28 
May 2008]). As stated above, such a tool should optimize the GPs' 
workload. According to the European Medical Device Regulation (MDR; 
EU 2017/745), these findings would be part of Clinical Evidence Report 
(CER) as part of any conformity assessment. 

There are also limitations that should be mentioned. First, the results 
obtained might be applicable to primary care attendees but cannot 
necessarily be generalized to other settings. A tool like this could 
potentially be implemented in other primary care settings internation-
ally, but it would require recalibration to consider the unique de-
mographics of the patient population overseen by GPs. Indeed, primary 
care is an ideal setting for prevention, with more frequent attendees 
generally (because of health and social issues) at greater risk of 
depression compared with the general population. Second, given that 
some information on psychiatric referrals might be missing, the opera-
tional definition of depression might be prone to some misclassification. 

Reassuringly, when we rerun the analyses by limiting cases to those 
combined with psychiatric/neurological referrals, we found results that 
were consistent with those found in the primary analyses. Third, a 
pseudo-R2 value of 18 % might suggest that some determinants are still 
missing. Indeed, variables concerning socioeconomic status and 
emotional and traumatic experiences are not generally available in 
clinical data sources. Nevertheless, the fact that we adopted a number of 
determinants (n = 30 out of 42), along with the presence of good 
discrimination and calibration,(de Hond et al., 2022) meant that GPs' 
opportunity to identify the stable and/or transitory psychological im-
pairments of their patients in the family context seems reassuring for the 
application of the DEP-HScore in clinical practice. Fourth, the predicted 
risk showed an underestimation when plotted against observed risk. 
Nevertheless, the confidence intervals for spline-based regression mostly 
overlapped the line of perfect calibration, and the greatest proportion of 
patients spread up to a predicted risk of 0.02, where the spline curve was 
comparable with the line of perfect calibration. This better accuracy for 
patients belonging to the lower risk categories is due to the fact that they 
represent most of the patients being cared for by GPs. The primary care 
setting indeed has the advantage of identifying most of the patients at 
low/moderate risk of depression. This is the largest category for which 
intervention strategies might have the most relevant implications in 
terms of public health. The greater risk categories of depression showed 
more unstable estimates (as shown in Fig. 1), probably related to the 
reduced sample size. However, from a clinical perspective, it is hard to 
imagine that very-high-risk patients were frequently encountered by 
GPs and, whenever suspected, they would be referred to psychiatrists. 
Fifth, the dilution of incidence rate during the first year of follow-up led 
to rejection of the equivalence hypothesis when the risk of depression 
was estimated at 1-year follow-up. Nevertheless, for both calibration 
slope and intercept, the equivalence hypothesis was not rejected with a 
3-month event horizon. The fact that CITL was tested as statistically 
significant in the external (i.e., temporal) cohorts was likely due to 
reduced power. Reassuringly, when the calibration slopes were formally 
tested, they did not reject the equivalence hypothesis in 2020, 2021 and 
2022. Finally, the score was not formally tested in other data sources 
and/or settings. Nonetheless, when these algorithms are developed 
through a representative data source with the aim to apply this score in 
the same setting, the “internal” validity is sufficient (Ramspek et al., 
2021). Additionally, we established consistent findings through tem-
poral validation, which could be functioned as a proxy for external 
validation (Steyerberg et al., 2010a). 

5. Conclusions 

These findings indicate that the DEP-HScore can be implemented in 
primary care for risk prediction of depression. GPs could therefore 
benefit from a decision tool that automatically notifies the risk of 
depression, along with visualizing this prediction in a dedicated dash-
board. Thus, the DEP-HScore could be implemented in a busy GP 
practice with the goal of increasing the suspicion of depression and 
facilitating timely and appropriate investigations to ascertain the pres-
ence of this condition. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.jad.2024.03.160. 
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Gonzalo, P., Araujo, L., Palao, D., Espinosa-Cifuentes, M., Zubiaga, F., Navas- 
Campaña, D., Mendive, J., Aranda-Regules, J.M., Rodriguez-Morejón, A., Salvador- 
Carulla, L., de Dios Luna, J., 2013. Preventing the onset of major depression based on 
the level and profile of risk of primary care attendees: protocol of a cluster 
randomised trial (the predictD-CCRT study). BMC Psychiatry 13, 171. https://doi. 
org/10.1186/1471-244X-13-171. 

Bossuyt, P.M., Reitsma, J.B., Bruns, D.E., Gatsonis, C.A., Glasziou, P.P., Irwig, L.M., 
Lijmer, J.G., Moher, D., Rennie, D., De Vet, H.C.W., 2003. Towards complete and 

accurate reporting of studies of diagnostic accuracy: the STARD initiative. BMJ 326, 
41–44. https://doi.org/10.1136/BMJ.326.7379.41. 

Castellini, G., Pecchioli, S., Cricelli, I., Mazzoleni, F., Cricelli, C., Ricca, V., Hudziak, J.J., 
Brignoli, O., Lapi, F., 2016a. How to early recognize mood disorders in primary care: 
a nationwide, population-based, cohort study. Eur. Psychiatry 37. https://doi.org/ 
10.1016/j.eurpsy.2016.04.003. 

Castellini, Giovanni, Wu, F.C.W., Finn, J.D., OʼNeill, T.W., Lean, M.E.J., Pendleton, N., 
Rastrelli, G., Rutter, M.K., Gacci, M., Ricca, V., Maggi, M., EMAS Study Group, 
2016b. Interactions between depression and lower urinary tract symptoms: the role 
of adverse life events and inflammatory mechanisms. Results from the European 
male ageing study. Psychosom. Med. 78, 758–769. https://doi.org/10.1097/ 
PSY.0000000000000328. 

Chondros, P., Davidson, S., Wolfe, R., Gilchrist, G., Dowrick, C., Griffiths, F., Hegarty, K., 
Herrman, H., Gunn, J., 2018. Development of a prognostic model for predicting 
depression severity in adult primary patients with depressive symptoms using the 
diamond longitudinal study. J. Affect. Disord. 227, 854–860. https://doi.org/ 
10.1016/j.jad.2017.11.042. 

Collins, G.S., Reitsma, J.B., Altman, D.G., Moons, K.G.M., 2015. Transparent reporting of 
a multivariable prediction model for individual prognosis or diagnosis (TRIPOD): the 
TRIPOD statement. J. Clin. Epidemiol. 68, 134–143. https://doi.org/10.1016/j. 
jclinepi.2014.11.010. 

Cricelli, C., Mazzaglia, G., Samani, F., Marchi, M., Sabatini, A., Nardi, R., Ventriglia, G., 
Caputi, A.P., 2003. Prevalence estimates for chronic diseases in Italy: exploring the 
differences between self-report and primary care databases. J. Public Health Med. 
25, 254–257. 

Davidson, S.K., Harris, M.G., Dowrick, C.F., Wachtler, C.A., Pirkis, J., Gunn, J.M., 2015. 
Mental health interventions and future major depression among primary care 
patients with subthreshold depression. J. Affect. Disord. 177, 65–73. https://doi. 
org/10.1016/j.jad.2015.02.014. 

Dowrick, C., Flach, C., Leese, M., Chatwin, J., Morriss, R., Peveler, R., Gabbay, M., 
Byng, R., Moore, M., Tylee, A., Kendrick, T., THREAD Study Group, 2011. Estimating 
probability of sustained recovery from mild to moderate depression in primary care: 
evidence from the THREAD study. Psychol. Med. 41, 141–150. https://doi.org/ 
10.1017/S0033291710000437. 

Fernández, A., Mendive, J.M., Conejo-Cerón, S., Moreno-Peral, P., King, M., Nazareth, I., 
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