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Abstract  

It is generally known that the prevalence of depression rises dramatically when there are se-

vere crises in the population.  Since the COVID-19 pandemic, the number of new major de-

pressive episodes has risen by around 27.6% worldwide. These alarming figures show that the 

prediction of depression is essential for the population worldwide. It is important to keep an 

eye on depression at an early stage, even after the rise of the pandemic and to make further 

efforts to ensure that depression can be recognized and treated at an early stage. Psychosocial 

parameters are of central importance in the diagnosis of depression, as they enable a com-

prehensive understanding of the factors influencing the development and severity of depres-

sion. They help to identify risk factors such as unemployment, social isolation and experiences 

of discrimination, which may increase the risk of depression. They may also enable individu-

alized diagnosis and treatment that is tailored to the specific psychosocial challenges of pa-

tients. By taking these parameters into account, preventive measures and targeted interven-

tions can be developed to improve treatment outcomes and increase the quality of life of 

those affected. Therefore, this study focusses on the prediction of depressive disorders using 

psychosocial parameters. The care of depression in multimorbid patients should be signifi-

cantly improved in general practitioner (GP) care and depression should be detected as early 

as possible so that chronicity can be minimized. Psychosocial parameters should be consid-

ered in GP practice so that preventive action can be taken against the onset of depressive 

symptoms. To this end, the following parameters will be focused on in the GP setting: Age, 

gender, level of education, financial problems, previous mental illness in the family, discrimi-

nation, physical activity, loneliness and well-being. The logistic regression analyses showed 

significant correlations between the psychosocial variables (unemployment, population, dis-

crimination at school, family history of illness, loneliness and social support) and the probabil-

ity of depressive illness (SKID II) in the outpatient setting. Using a machine learning approach, 

a model was created to better classify the depressed patients from the mentally unimpaired 

patients. We found that loneliness, social well-being, number of inhabitants, physical activity 

and unemployment play a substantial role in improving the diagnosis of depression. Future 

studies should have a focus on psychosocial parameters in outpatients with depression.  Since 

our study sample was small, results should be confirmed in independent cohorts.    
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1. Theoretical background 

1.1 Depression 

Depression is a serious illness that significantly impairs quality of life and is associated 

with high health and social burdens. According to the World Health Organization (WHO), more 

than 300 million people worldwide suffer from a depressive disorder, which accounts for 

around 4.4% of the world's population (WHO, 2017). The most common mental illness in Ger-

many, right after anxiety disorder at 15.4%, is affective disorders at 9.8%, of which unipolar 

depression alone accounts for 8.2% (Jacobi et al., 2016). Millions of people across Europe are 

affected by depression, and the data for Germany reflects this worrying trend. There has also 

been a significant increase in cases of depression in this country, which underlines the need 

for targeted measures and support (WHO, 2017). The latest findings show that the data for 

depressive disorders has risen by 16.4%. Worldwide, a high burden of disease has been de-

tected (GBD, 2024). This underlines the urgency of investing heavily in prevention and treat-

ment  

 

1.1.1 Prevalence and diagnosis of depression 

In the following, the prevalence in relation to the effects of the psychological and social 

parameters will be taken across Europe and then specifically in Germany. In order to be able 

to compare the prevalence to the European area, depressive symptoms were surveyed using 

the Patient Health Questionnaire 8 (PHQ8) with 254.510 participants from Germany and 24 

EU member states.  This study showed a prevalence of 9.2% in Germany, which is higher than 

the European average of 6.6%. This affects 10.8% of women and 7.6% of men. The EU average 

was 7.9% for women and 5.2% for men, which was significantly lower than in Germany. Look-

ing specifically at the severity of depression, the prevalence of a mild depressive episode in 

Germany is 6.3% and the European average is 4.1% (Hapke, Cohrdes, & Nübel, 2019). In Ger-

many, there is a population-representative health survey for adults, Gesundheit in Deutsch-

land aktuell, which is linked to the Robert Koch Institute. Since 2014/2015, the main focus has 

been on self-assessment of general health, health complaints and the resulting restrictions in 

everyday life, as well as mental health. In particular, people who had their place of residence 

in Germany were surveyed. Between 2008 and 2011, the Patient Health Questionnaire 9 

(PHQ9) was used to measure depressive symptoms in 7.988 German adults aged 18 to 79. In 

this study, 8.1% of adults (10.2% of women and 6.1% of men) had experienced depressive 
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symptoms (Busch et al. 2013). The older population (aged 65 and over) had a lower level of 

depressive symptoms (6.7%) in contrast to the younger population (aged 15-29) with 11.5%. 

Compared to the European average, older people in Germany are affected at 9.1% and 

younger people at 5.2% (Hapke, Cohrdes, & Nübel, 2019). Alarming figures were published by 

the WHO in 2015. It is estimated that 322 million people worldwide are affected by depres-

sion. This corresponds to 4.4% of the world's population and has increased by 18% in the last 

ten years (WHO, 2017). In the study by Jacobi and colleagues (2016), 23.602 people aged 18 

and over with permanent residence in Germany were surveyed between November 2014 and 

July 2015. For this purpose, depressive symptoms were calculated using the PHQ8 within the 

last two weeks. The lifetime prevalence of depressive symptoms in this study was 11.6% over-

all (15.6% for women and 8.6% for men). An earlier study by Busch et al. (2013) already 

showed an accumulation of depression in the 18 to 29 age group, with a prevalence of 11.8% 

among women. The research group of Strine et al. (2006) came to the same conclusion, show-

ing that the probability of having depressive symptoms is lower in adults aged 55 than in 18 

to 24-year-olds. A subsequent study (Heidemann, 2021) collected further data from the gen-

eral population between April 2019 and September 2020. These were based on a random 

sample and due to the COVID-19 pandemic, were mainly recruited via landline and mobile 

phone numbers. The PHQ8 was also used again to survey depressive symptoms. A total of 

22,708 people between the ages of 18 and 99 took part in the survey (11.959 women, 10.687 

men and 60 participants with a different gender identity or no gender identity). Within the 

last two weeks, 8.3% of participants reported depressive symptoms (8.8% women and 7.5% 

men). 

 

1.1.2 Diagnoskcs of depression 

Affective disorders can occur in both unipolar and bipolar forms, but this paper only 

refers to unipolar depression. In the International Statistical Classification of Diseases and re-

lated health problems (ICD-10), depression is subdivided into a mild (F32.0), moderate (F32.1) 

and severe (F32.2) episode (WHO, 2019). The latter can be present with or without psychotic 

symptoms. In all episodes, those affected suffer from the following three main symptoms: a 

depressed mood, a loss of interest/joylessness and a reduction in drive. There are also accom-

panying symptoms such as concentration and attention difficulties. There may be an increase 

in pronounced tiredness and early waking with difficulty falling asleep and sleeping through 
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the night. The symptoms can also affect eating behavior with a reduced appetite. The ability 

to feel pleasure may be diminished, a reduced sense of self-worth and difficulties with self-

confidence may occur. Feelings of guilt or thoughts about one's own worthlessness can per-

meate everyday life. In addition to hopelessness, suicidal thoughts or actions can also occur. 

The depressed mood is either present with a morning low or constantly.  The effects can also 

influence the loss of libido. Other somatic symptoms may also be present, as well as marked 

psychomotor inhibition or agitation. Depending on the predominant symptoms, a mild, mod-

erate or severe episode can be diagnosed. In order to be diagnosed, the main symptoms must 

have been present for at least 14 days without interruption. A repeated depressive episode is 

coded as a recurrent depressive disorder. There are also several other diagnoses that involve 

a persistent and usually fluctuating mood disorder, such as persistent affective disorder with 

cyclothymia (F34.0) or dysthymia (F34.1) (WHO, 2019).  

In order to fully understand the diagnostic process of unipolar depression, the symp-

toms, the course over time and the differential diagnosis of other disorders must be recorded. 

It is also necessary to determine whether comorbidities such as metabolic syndrome and sui-

cidal tendencies are present (WHO, 2019). In addition to ICD diagnostics, the S3 guidelines 

(AWMF, 2022) recommend diagnostics based on the bio-psycho-social model according to the 

IDF criteria (International Classification of Functioning, Disability and Health) with a psychoso-

cial history and the recording of limitations in quality of life, functioning and participation of 

associated components of a diagnostic process. This approach is primarily intended to reduce 

over- and under-diagnosis and the resulting incorrect, under- or over-therapy. The diagnostic 

interview is the gold standard of diagnostics. The following psychometric tests are recom-

mended as self-assessment scales: PHQ9, Beck Depression Inventory (BDI-II), Hospital Anxiety 

and Depression Scale (HADS), Questionnaire for the Diagnosis of Depression (FDD-DSM.IV) and 

the General Depression Scale (CES-D). The following four questionnaires were recommended 

as external assessment scales: Hamilton Depression Rating Scale (HDRS17, HDRS21 & HDRS24), 

Bech-Rafaelsen Melancholia Scale (BRMS), Montgomery-Asberg Depression Rating Scale 

(MADRS) and the Inventory of Depressive Symptoms (IDS-C).  

With regard to differential diagnosis, the following diagnoses must be ruled out in ad-

vance: bipolar disorders and cyclothymia, adjustment disorders, grief reactions and organic 

affective disorders (neurological focal symptoms, pronounced cognitive impairment psychotic 
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symptoms, known severe chronic or acute somatic comorbidities, etc.). Multifactorial explan-

atory concepts are convinced that an interaction between biological and psychosocial factors 

can be assumed. Several risk factors for the occurrence of a depressive disorder have been 

identified. On the one hand, biological factors can have an influence on depression. A family 

history of depressive disorders or first-degree relatives may have a genetic vulnerability (Köh-

ler et al., 2018). Another aspect is socio-demographic factors, which are discussed in particular 

in this study. These include gender, older age, belonging to an ethnic minority and low socio-

economic status. Other psychological factors and psychosocial risk factors such as loneliness, 

widowhood, social isolation, current stressful life events or chronic stress can be risk factors 

for the development of depression (Köhler et al., 2018). In addition, lifestyle changes such as 

diet, smoking or lack of exercise can increase the risk of developing depression (Berger et al., 

2019). Engel (1977) developed the biopsychosocial model as an explanation for the develop-

ment and course of depression, which emphasizes that biological, psychological and social 

factors play a reciprocal role. 

 
1.2 Psychosocial impairments 

The following section provides an overview of psychosocial factors and their role in 

depressive disorders. These influence not only the risk of developing depression, but also the 

course and treatment of the illness. The bio-psycho-social model (Engel, 1977) already shows 

us the interaction that both psychological and social components are closely linked. Psycho-

social factors include, for example, family and interpersonal relationships, life events, occupa-

tional and financial stressors, as well as social support and integration. There is no single def-

inition for psychosocial components (Engel 1977). The following section focuses specifically 

on social determination and its aspects and then describes loneliness and well-being in detail.  

 

1.2.1 Social determinants 

Social determination has focused on how living and working conditions can influence 

people's health status (Marmot, 2005). Social determinants are considered to be the driving 

cause of many global health inequalities, such as lower life expectancy, higher infant mortality 

rates and a higher disease burden in disadvantaged population groups. Social determination 

was based on the concept of social gradient. This indicates that people with lower social status 

face greater health risks and have a shorter life expectancy compared to those with higher 

status, and that the impact of social position can build up over time (Marmot & Bell, 2016). 
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Differences in social determinants are viewed as a consequence of unequal resource distribu-

tion and can be mitigated through targeted social and economic policies and program devel-

opment (Marmot et al., 2008). In terms of mental health, the social gradient affects both the 

risk of disorders and access to services. In a review of social determination, Allen and col-

leagues (2014) used a model that incorporated: a life-course perspective, spanning from pre-

natal stages to old age; community-level contextual factors, such as environmental conditions 

and healthcare systems; and country-level factors, including political and economic condi-

tions, cultural norms, and specific policies. Overall, they found that mental disorders dispro-

portionately impact poor and disadvantaged populations. They also acknowledged that cu-

mulative stress and physical health may act as mechanisms through which the effects of social 

determinants intensify over the course of a lifetime (Allen et al., 2014). Other research shows 

how cumulative aspects can influence health over several generations (Braveman, Egerter & 

Williams, 2011). With the development of social determinants, a distinction between up-

stream and downstream determinants has arisen. Braveman and colleagues (2011) highlight 

those downstream social determinants, such as economic opportunities, serve as underlying 

causes that typically influence health through upstream social determinants, such as living 

conditions. They broadened the concept of social determinants to encompass all non-medical 

factors affecting health. This includes not only fixed individual characteristics like gender and 

race/ethnicity but also more flexible factors such as educational attainment, occupational sta-

tus, and social support. Fisher and Baum (2010) discuss the impact of chronic stress on mental 

health and explore how low socioeconomic status affects mental health for individuals at the 

lower end of the social gradient. This includes the stress of managing daily challenges, fear of 

uncertain and unpredictable living conditions, and a perceived lack of control.  

In the 1970s, it was first established that there is a gender-specific difference in de-

pression (Bebbington (1996); Piccinelli & Wilkinson (2000), Kühner (2003)). In some cases, it 

was found that almost twice as many adult women as adult men suffer from depression 

(Weissman and Klerman (1977). The study by Frank, Carpenter & Kupfer (1988) examined 

gender differences in a cohort of 230 patients with recurrent depression. The subjects came 

by self-referral, physician referral or a broad-based public information campaign. Both male 

and female patients had comparable clinical characteristics and baseline severity. However, 

gender differences were found in specific depressive symptoms and response to treatment, 

particularly in the use of self-report instruments. Female patients showed increased levels of 
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appetite and weight gain, increased somatization, and increased expressions of anger and 

hostility. In contrast, male patients responded more quickly to treatment. Despite the large 

number of studies that found that there are differences in relation to gender, critical opinions 

on the study situation are also expressed. Hammarström et al. (2009) aimed to critically eval-

uate medical publications on depression about gender-specific factors and their explanatory 

models. It was specifically pointed out that a closer look at and a better understanding of 

gender differences in depression are of great importance. In particular, it was criticized that 

many medical articles often relied on stereotypical or generalized assumptions about gender. 

The complex interactions between biological, social and psychological factors were not suffi-

ciently taken into account. As a result, important nuances in the diagnosis and treatment of 

depression may have been overlooked. The study by Salk, Hyde & Abramson (2017) examined 

gender-specific differences in depression using a meta-analysis. In particular, the influence of 

gender on diagnosis and symptoms was examined. Women were diagnosed with depression 

more frequently than men and differences were found in the specific symptoms. Sadness and 

feelings of hopelessness were reported equally frequently in both genders. Women tended to 

show a higher burden of sleep disturbances, weight loss and weight gain, excessive fatigue 

and increased feelings of guilt. Men, on the other hand, showed abnormalities such as irrita-

bility, aggression or risky behavior, especially at the behavioral level. The results of the study 

are primarily aimed at focusing not only on the prevalence of depression, but also on the type 

and intensity of the symptoms. While extensive studies have already shed light on the gender-

specific difference, the effects in the context of primary care are less well understood.  

Concerning the size of the place of residence, the lowest prevalence of depressive 

symptoms was found in small towns compared to people living in large cities, medium-sized 

towns and rural areas (Busch et al. 2013). Robinson and his research team (2017) also con-

firmed in relation to urbanicity that a lower prevalence of disorders is shown in rural areas 

compared to city dwellers.  The prevalence of depressive symptoms varied between federal 

states (e.g. Berlin: 14.6%, Thuringia: 7.4%). Among men, the lowest prevalence was found in 

Bavaria (5.7%). The gender differences are particularly striking in Bavaria (11.2% to 5.7%) and 

Brandenburg (14.6% to 7.5%). There were probably several reasons for the increase from 8.1% 

in 2014 to 10.1% in 2017. One of the causes may be the temporal trend, as well as the different 

questionnaire selection of the PHQ; further research on this is necessary (Bretschneider, Kuh-

nert & Hapke, 2017).  



 15 

When looking at the educational status, it is also clear to see that a lower prevalence 

was shown in the upper education group than in the middle or lower education group. When 

age, gender and level of education are combined, it was found that one in five women in the 

lower education group aged between 18 and 29 had depressive symptoms (22.4%). For men 

in the lower education group, the highest prevalence was found between the ages of 30 and 

44 (17.8%) (Strine et al., 2006).  

Here too, the frequency of depressive symptoms decreased with increasing education. 

Women in the lower education group were three times as likely to be affected by depressive 

symptoms, men four times as often. Overall, depressive symptoms were found to be lower 

with increasing age and higher education (Heidemann, 2021).  

In addition, a correlation was found between socioeconomic status and the prevalence 

of depressive symptoms. People with a low socioeconomic status showed a threefold higher 

prevalence than people with a low socioeconomic status (Busch et al. 2013). 

The assessment of factors such as prevalence, age, gender, level of education and so-

cio-economic status is crucial to obtain a comprehensive picture of depression. Concerning to 

the factors mentioned, the studies show an influence on the severity of depressive symptoms. 

To specifically examine the various factors, several aspects are usually examined simultane-

ously in studies, which sometimes makes the individual presentation difficult. In view of the 

psychosocial aspects as described: Age, gender, level of education, place of residence, it is 

important to keep the living and working circumstances in mind as well. As determinants, 

these can have a significant influence on people's health outcomes and are therefore now 

explained in more detail.  

In recent years, it has been shown that social determinants have an impact on mental 

health in certain population groups. For example, unemployment, precarious employment 

and working conditions have been associated with increased psychological distress (Hans & 

Lee, 2015; Reibling et al., 2017). More specifically, employment status has even been found 

to impact mental health. Affleck, Carmichael, and Whitley (2018) demonstrated that unem-

ployment has a more significant impact on men mental health compared to women. Research 

from Sweden has shown that individuals with lower incomes commonly experience poor men-

tal health (Amroussia, Gustafsson & Mosquera, 2017). Family relationships also have an im-

pact on mental health, both negative and positive. More specifically, reduced depressive 

symptoms were linked to living with family, positive family relationships, and strong family 
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bonds (Han & Lee, 2015; Brydsten, Hammarström & San, 2018). Health data also showed a 

strong connection with support from others, feelings of community belonging, and confidence 

in others (Brydsten, Hammarström & San, 2018; Han & Lee, 2015; Salami et al, 2017; Pflum et 

al, 2015). Other protective factors against mental health disorders are the impact of perceived 

emotional support and the size of the friend and family network (Smyth et al., 2015). 

Concerning society, the focus was increasingly placed on safety in the neighborhood. 

Based on personal perceptions and experiences, neighborhood safety has been examined and 

found to be an important predictor of mental health (Chen et al., 2017; Stansfeld et al., 2017). 

A study in China showed that a lower level of depression is associated with satisfaction in the 

living environment and safety in the neighborhood. The study by (Fu, 2018) can substantiate 

this aspect with the result that a higher level of depression stands out in neighborhood con-

flicts. The psychosocial aspects play an important role in the analysis of social determination. 

These factors not only shape individual experiences and perspectives, but also significantly 

influence social positioning and access to resources within a society. By understanding the 

interactions between psychosocial variables and social determinants, deeper insights can be 

gained into how structural inequalities emerge and persist. This makes it clear that a holistic 

view of these aspects is essential in order to develop effective strategies for prevention and 

health promotion. However, the reverse approach must also be kept in mind. Mental illness 

can have an impact on social factors such as homelessness, dropping out of school and unsta-

ble marriages (Corrigan et al., 2012; Ljungqvist et al., 2016; Hjorth et al., 2016). 

 

1.2.2 Loneliness 

If the variable of loneliness is now examined, this must be specified in the context of 

depression. This plays an important role in the development of effective prevention and treat-

ment approaches. For this reason, the focus is now specifically on loneliness and several re-

search findings have already been presented and reviewed for the GP setting. It should be 

noted that research interest in loneliness has increased, especially during the COVID-19 pan-

demic (Entringer, 2022), so the current studies are often related to COVID-19. However, this 

paper does not specifically address the pandemic period, but the latest figures should illus-

trate that loneliness is an important parameter. Loneliness, or subjective social isolation, is 

defined as an aversive experience that occurs when a person's network of social relationships 

is perceived as quantitatively or qualitatively desolate. This means that a person can be lonely 
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both when they have fewer social relationships than they would like (quantitatively) and when 

their social relationships are not as deep and fulfilling as they would like (qualitatively). Lone-

liness can occur when a person realizes that their social environment is insufficient and their 

need for attachment is unmet. A defining characteristic here can be the lack of controllability 

or changeability, as well as the fact that it is not observable from the outside. Objective social 

isolation can be distinguished, as this refers to the objective absence of a caregiver. It is im-

portant to distinguish between the two terms, as objective isolation is not a sufficient condi-

tion for loneliness. For example, a high number of social contacts does not protect against the 

feeling of being alone. A person can very well be alone and not feel lonely, but it also means 

that a person can be in a relationship but feel lonely in it. A further conceptual distinction 

must be made with the word being alone. In most cases, the state of being alone is consciously 

chosen and is an objective state. For example, you can do something on your own and enjoy 

the time. Objective isolation is only as bad as it is voluntarily chosen (Krieger & Seewer, 2022). 

Various researchers (Knight et al., 1988; McWhirter, 1990; Brewer & Gardner, 1996) have un-

dertaken different categorizations over time to better represent loneliness. The following cat-

egorization is now presented: Emotional loneliness describes the lack of a close, intimate 

bond, such as in a romantic relationship. Social loneliness, on the other hand, describes the 

lack of friendships and other personal relationships. Collective loneliness refers to the feeling 

of not being part of a larger community or society as a whole. Although this distinction is useful 

in theory, in practice it is often difficult to separate these different aspects (Hawkley, Browne 

& Cacioppo, 2005). As loneliness is not a formal diagnosis in a medical context, there are no 

standardized diagnostic criteria that clearly define loneliness. In addition, there is a lack of 

standardized and systematically collected epidemiological data to specifically describe it. This 

severely limits comparability between the various studies. There is no clearly defined, gener-

ally valid threshold that determines when a person is considered lonely (Krieger & Seewer, 

2022). In the SOEP (Socio-Economic Panel) and the SOEP-CoV (Socio-Economic Panel Corona 

Special Survey) study, loneliness was measured using the SOEP-UCLA loneliness scale (Hawk-

ley et al., 2016). The Socio-Economic Panel is a long-term study of a representative nature that 

is conducted in Germany and includes both households and individuals. The questionnaire 

contains three questions, which together should reflect the respondents' current feelings of 

loneliness. These questions are as follows: "To what extent do you feel that you lack the com-

pany of others?", "How often do you feel excluded?" and "How often do you experience social 
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isolation?". Respondents were asked to answer these three questions on a five-point response 

scale from "1 = Never" to "5 = Very often". The answers to all three questions were averaged 

to produce a loneliness index for each person for the following analyses, with possible values 

ranging from 1 to 5 and higher values indicating greater loneliness. Individuals who scored a 

mean of at least three on the loneliness scale were conspicuous. This means that, on average, 

they felt lonely at least occasionally. 

In 2013, the proportion of people in Germany who were at least occasionally affected 

by loneliness was 14.4%, while in 2017 it was 14.2% (Entringer, 2022). This prevalence rate 

makes it clear that loneliness is a widespread phenomenon and not just an isolated occur-

rence. In fact, a considerable number of people in Germany are affected by loneliness. Ac-

cording to the study results, 40.1% of the German population experienced loneliness at least 

occasionally during the period under review (Entringer, 2022). This proportion is alarmingly 

high and is likely to be due to social isolation caused by restrictions on interpersonal contact. 

However, it should be noted that most studies on loneliness during the COVID-19 pandemic 

are based on cross-sectional data, which means that a direct comparison with values from 

previous years is not possible. In addition, loneliness during the second lockdown has hardly 

changed compared to the first lockdown. At 42.3%, it remained at a consistently high level, 

even though contact restrictions were still in place. However, it is unclear whether this long-

lasting loneliness has become chronic over the course of the COVID-19 pandemic or whether 

it is a temporary state of loneliness that decreases as contact restrictions are eased. This can-

not be assessed based on the available data. It is therefore important to closely monitor lone-

liness in the German population in the coming years. This is the only way to identify at an early 

stage whether the figures are falling significantly. Before the outbreak of the COVID-19 pan-

demic, older people over the age of 75 had the highest prevalence of loneliness (16.6%), fol-

lowed by people aged 30 to 45 (15.3%) and people under the age of 30 (14.5%). People aged 

45 to 60 (13.1%) and 60 to 75 (12.7%) were the least affected by loneliness (Entringer, 2022). 

The prevalence of loneliness by gender showed no significant differences between 2013 and 

2017. Women tended to be slightly lonelier than men, with prevalences of 15.7% and 12.5% 

respectively. A similar pattern emerged in relation to education level and income. People with 

low education or income were lonelier than those with medium or high education or income. 

Before the pandemic, 22.1% of those with low education were lonely, compared to 14.1% of 

those with medium education and only 10.0% of those with high education (Entringer, 2022). 
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The post-pandemic results further confirm that those with a low level of education are at in-

creased risk (Kirkland et al., 2023).  

Entringer (2022) was also able to find significant results with regard to migration back-

ground: People with a direct migration background were more likely to be affected by loneli-

ness before the pandemic than those without a migration background, with prevalences of 

21.8% and 12.6% respectively. People in employment had a lower prevalence of loneliness 

than those not in employment, with prevalence rates of 11.1% [10.4% - 11.9%] and 18.9% 

[17.7% - 20.1%] respectively. Household structure was also an important factor: single parents 

had the highest prevalence of loneliness (22.7%), followed by people living alone (18.5%) and 

couples with children (12.8%). The prevalence of loneliness also differed depending on the 

type of employment. Full-time employees were less lonely than non-full-time employees 

(10.0% vs. 16.8%). Shift work was also associated with a lower prevalence of loneliness (11.5% 

vs. 15.1%). Place of residence and previous depression diagnosis were other important fac-

tors. People with a previous diagnosis of depression had an increased risk of being lonely 

(33.7%). The trend across different population groups has been mixed during the COVID-19 

pandemic. Some groups, such as women, younger people and couples with children, became 

new risk groups. On the other hand, pre-pandemic risk factors such as education level, income 

and employment no longer played a significant role in the prevalence of loneliness during the 

pandemic (Entringer, 2022). The effects of the COVID-19 pandemic will not be discussed fur-

ther in this report. The prevalence of loneliness in Germany is comparable to that in other 

European countries. For example, in Spain in 2011, 11.5% of the population reported being 

lonely regularly (Yang & Victor, 2011), while in the UK in 2018, around 16% of people were 

affected by loneliness at least occasionally (Pyle & Evans, 2018). In Greece, loneliness even 

affected around 21% of the population in 2016 (Baarck et al., 2021). Studies show that loneli-

ness is associated with a major health risk. Chronic loneliness can promote both mental and 

physical illnesses. People with a chronic illness have a lower level of life satisfaction and a 

lower sense of well-being. In addition, the risk of developing an anxiety disorder or depression 

increases (Domènech-Abella et al, 2019). The study by Domènech-Abella et al. (2019) also 

provided important insights into the complex relationships between mental health problems, 

loneliness and social networks in old age. They emphasized the importance of social relation-

ships and the role of loneliness as a risk factor for mental health problems in older people.  
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1.2.3 Well-being 

The last psychosocial parameter to be examined in this study is well-being. When re-

searching this topic, it is noticeable that it has mainly been studied in relation to older people 

and that there is little research on younger people. In the Irish Longitudinal Study on Ageing 

(TILDA), older people were defined as those who had reached an advanced stage of life, typi-

cally retirement age or beyond. In this longitudinal study, researchers focused specifically on 

health, well-being and other aspects of ageing in people in Ireland. The research group (Hom 

et al., 2020) analyzed a large number of studies using a meta-analysis to determine whether 

there was a consistent relationship between sleep problems and loneliness. Sleep problems 

were defined as problems such as insomnia, restless sleep, too little sleep or other sleep dis-

orders. It was shown that sleep problems and loneliness are significantly linked. People with 

sleep problems have an increased risk of feeling lonely and vice versa. A systematic review 

and meta-analysis (Valtorta et al., 2016) also found that there is a link between loneliness, 

social isolation and the risk of coronary heart disease and stroke. People who feel lonely or 

socially isolated have an increased risk of developing cardiovascular disease compared to peo-

ple with strong social ties and a sense of belonging. A considerable number of studies have 

found statistically significant associations between depressive symptoms and loneliness. Two 

research teams identified a small but significant association (Hsueh et al., 2019; Lim & Kua, 

2011). Other studies found a moderate effect size (Conde-Sala et al., 2019; Green et al., 1992; 

Sjöberg et al., 2013), while a single study found a significant effect size (de la Torre-Luque et 

al., 2019). In order to shed more light on the aspect of well-being, the study by Henkel and 

colleagues (2003) is included, as they provided essential study results. The results of the study 

suggest that the use of the WHO-5 as a diagnostic tool improves the ability of GPs to recognize 

depressive symptoms. The questionnaire could serve as a checklist for GPs to clarify the diag-

nosis of depression as quickly as possible. The WHO (1998) already recommends integrating 

this step as a standard part of the general practitioner's consultation and having it available in 

the waiting room as standard.  

 

1.3 Psychosocial impairments in primary care   

As primary care providers for patients with a depressive disorder, GPs are crucial in 

setting the course for guideline-based intervention. Depression is one of the most commonly 

diagnosed mental disorders in patients who consult a general practitioner. Studies estimate 
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that up to 20% of patients attending primary care outpatients have clinically significant de-

pression (Burnham et al., 1989; Coulehan et al. 1990; Gerber et al., 1992). Then, as now, most 

patients with depression are first treated in primary care and not in the psychiatric sector 

(Manderscheid et al., 1993 and Regier et al., 1993).  

 

1.3.1 Influence of psychosocial factors on depression care 

In the current global scientific debate on medical care, the importance of psychosocial 

factors for the health and well-being of the population is increasingly emphasized. These fac-

tors, which include both socio-demographic and clinical variables, are of crucial relevance to 

the structure and effectiveness of the healthcare system. A recent empirical study addresses 

this issue by examining the relationship between psychosocial parameters and the implemen-

tation of preventive mental health interventions in primary care practices. For the study by 

Müller et al, (2024), comprehensive data were collected from a total of 126,306 patients 

(57.6% women and 42.2% men) in primary care in Michigan. The sample included a variety of 

individuals of different ages (16-104 years), gender, ethnicity, and clinical characteristics. The 

retrospective cohort sample was collected from 18 primary care clinics within the health sys-

tem. Subjects were interviewed using the PHQ4, PHQ9 and the GAD7. Sociodemographic data 

were collected uniformly during the first encounter with patients. Results showed that certain 

demographic characteristics, such as younger age and female gender, were associated with 

higher rates of mental health screening in primary care. Clinical characteristics, such as the 

presence of certain chronic conditions or the number of physician visits, were also significant. 

The descriptive analyses revealed a significant association between clinic size and location and 

the prevalence of mental health screening, which was confirmed in both regression models. 

It was surprising to find that smaller clinics and clinics in areas with a shortage of mental health 

providers had significantly higher rates of mental health screening (Müller et al., 2024). No 

gender-specific differences were found in the assessment of health status by doctors. How-

ever, women usually rate their state of health worse than men. They mainly report pain or 

problems during sexual intercourse (Krönke & Spitzer, 1998). Men, on the other hand, rate 

their lack of appetite, overeating and a feeling of failure or guilt more frequently as problem-

atic (Williams et al., 1995). The 2003 study by Hildebrandt, Stage and Kragh-Sørensen exam-

ined gender differences in the severity and symptoms of depressive disorders in general prac-
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tices in Denmark. The authors analyzed data from 230 patients who had to have met the cri-

teria for recurrent depression according to the ICD-10 criteria. They found that male and fe-

male patients had similar clinical characteristics and severity. However, there were gender-

specific differences in symptoms. Women were more likely to show symptoms such as in-

creased appetite, weight gain, somatization and expressions of anger and hostility. In contrast, 

male patients responded more quickly to treatment. In the study by Bertakis et al. (2001), it 

was observed that women had a higher prevalence of depressive symptoms, which they self-

reported using the BDI. Women with elevated BDI scores indicating severe depression were 

more likely to be diagnosed by their GP than men with comparable BDI scores (N=508). Re-

cruitment took place as follows, prior to the first GP appointment, study participants were 

interviewed to collect socio-demographic data and to assess their self-reported depressive 

symptoms and general health. In the study described, the following hypothesis was put for-

ward: female patients are more likely to be diagnosed as depressed by their GPs, which is 

associated with a higher clinical prevalence of depression. In addition, it was suggested that 

the increased use of healthcare services by female patients contributes to the higher propor-

tion of women diagnosed with depression. This is because increased contact with female pa-

tients enables doctors to identify their depression more accurately. Subsequently, Poutanen 

and colleagues (2009) also addressed the question of whether there may be gender-specific 

differences in the diagnosis of depression. In the Finnish sample, however, it was shown that 

men exhibited more severe depressive symptoms than women. In general, empirical evidence 

has shown that the low treatment rate among men is not due to a better state of health, but 

to the discrepancy between the perception of need and help-seeking behavior. This is mostly 

due to outdated traditional social norms of masculinity (Möller-Leimkühler, 2002). Other as-

pects of social determination have not yet been studied more specifically in the GP and out-

patient setting in Germany.  

 

1.3.2 Empirical studies on depression treatment in primary care 

There are already studies in Germany that have looked at depressive symptoms in pri-

mary care. The Depression 2000 study (Winter et al., 2000) was one of the first nationwide 

epidemiological cross-sectional studies in primary care to provide data on the prevalence of 

depressive illnesses on a specific reference date. Complete data were collected from a total 

of 14,758 patients aged 16-65 years in 412 GP practices and compared with GPs' statements. 
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On that day, every patient was requested to fill out a standardized survey that gathered details 

about their biosocial background, the purpose of their doctor's visit, the impact of their symp-

toms on daily life, any prior treatments or assistance sought, signs of depression, and the pro-

gression of their condition. Depressive symptoms were evaluated using the Depression 

Screening Questionnaire (DSQ) (Wittchen & Perkonigg, 1997), a well-established tool known 

for its high diagnostic sensitivity and specificity in diagnosing depression based on DSM-IV and 

ICD-10 criteria. After the patient questionnaires were completed, the physicians performed a 

separate clinical evaluation using a standardized assessment tool to determine the diagnostic 

status, severity of the condition, ongoing and past treatments, and other therapeutic 

measures. According to the completed patient questionnaires in the study, the prevalence of 

depressive disorders (according to ICD-10 criteria) in GP practices is 10.9%. However, one dis-

advantage of the study is that it does not allow any conclusions to be drawn about the con-

nection between depression and physical illness. Beesdo-Baum and colleagues (2017) re-

cruited 3499 completed patient questionnaires in the form of an epidemiological study. This 

questionnaire recorded the reason for the consultation, biosocial characteristics, health con-

ditions, depressive and other psychological complaints, treatments and current quality of life. 

The participating patients were on average 53.8 years old (range: 18-95 years) and 60.4% were 

female. After the consultation, the practitioner completed a questionnaire on physical and 

mental health conditions, diagnoses and treatments. A total of 3367 patients and doctors' 

questionnaires were included in the data analysis. Depressive symptoms were also measured 

in this study using the DSQ. On the cut-off date of the study, the prevalence of depression 

according to the DSQ (ICD-10 criteria) was 14.3% and 10.7% according to the medical diagno-

sis. Half of the patients identified by the DSQ were also diagnosed with depression by their 

doctor. The DSQ shows that people over the age of 65 were less likely to be affected. The 

practitioners mainly diagnosed women aged 40 and over with full-blown depression. In com-

parison, only a few physician variables were associated with a match between the study diag-

noses of the DSQ and the physician's assessment. Doctors with an additional qualification in 

psychotherapy recognized the conspicuous DSQ cases significantly better (65.3 %) than doc-

tors without this additional qualification (47.0 %) (Beesdo-Baum et al., 2017). Another study 

(Jacobi et al., 2002) in the past deals with reported depressive disorder in the GP setting meas-

ured on one day. A total of 20,421 patients were also surveyed with the DSQ in several GP 
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practices in Germany. The information provided by the patients was compared with the infor-

mation on the doctors' assessment forms. The results confirmed that here too, 11.3% of pa-

tients fulfilled the ICD-10 criteria for a depressive disorder. On the reference date, 4.2% of 

primary care patients met the criteria for major depression according to DSM-IV. The proba-

bility of meeting these criteria was higher in women than in men. The analyses of potential 

predictors showed that people over 40 years of age were more frequently affected than peo-

ple under 40 years of age. On a positive note, the detection rate of general practitioners was 

59%, which is slightly higher than in the comparative studies. This may have been mainly due 

to the fact that 13.6% of doctors had additional qualifications in psychotherapy. In addition, 

59% stated that they had completed at least three further training courses on depression in 

the last two years. The doctors' self-assessment revealed that 66.6% rated their ability to rec-

ognize and diagnose depression as "good". In addition, being unemployed, retired and being 

a housewife were predictors of an increased likelihood of a major depression diagnosis com-

pared to being employed. The number of days of incapacity for work could not be identified 

as a predictor here. When diagnosed using the DSM-V criteria, 74.8% of depressed patients 

were correctly identified by the family doctor, but when diagnosed using ICD-10, only 17.2% 

of patients were identified as depressed. 11.7% of subjects who did not meet DSM or ICD 

criteria on the patient questionnaires were diagnosed with depression by the practitioner. 

This showed that the specificity of the doctors' judgments is significantly lower than the sen-

sitivity. The sensitivity of physicians' diagnoses of depression may be promising, but this is 

obviously accompanied by a high rate of false positive diagnoses. This suggests that the in-

creased attention paid to depressive syndromes in general practice over the last decade has 

contributed to improved detection. Nevertheless, the high rate of false positive diagnoses re-

mains problematic (Jacobi et al., 2002). Kendrick (2000) showed that initiatives to improve 

primary care physicians' adherence to depression guidelines have not resulted in significant 

advances in diagnostic accuracy or patient outcomes. In addition, two thirds of adults with 

depression continue to be underserved and the choice of treatment in primary care is limited 

(Thornicroft et al, 2017).   

 

1.3.3 The role of the General prackkoner in the treatment of depression 

Various aspects were examined in relation to depression and its diagnosis by the GP. One 

aspect of this was that active feedback from the GP to the patient could minimize the severity 
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of depression, but the study situation on this is very ambiguous (Löwe et al., 2024). A notable 

feature of the German healthcare system is that the doctors involved had an exceptionally 

heavy workload, managing an average of 62 patients each day. In total, 8% of the doctors were 

pursuing additional training in psychotherapy, and another 8% were in the process of obtain-

ing such qualifications. Only 24% of doctors reported finding the treatment of depressed pa-

tients rewarding, while 54% indicated they felt inadequate in managing patients with depres-

sion. Overall, 90% of doctors reported that patients with depression require significantly more 

time compared to those with other medical conditions. Given this, it was surprising that few 

doctors (7.5%) reported referring depressed patients to mental health specialists whenever 

possible (Wittchen & Pittrow, 2002). The fact that GPs are one of the first and therefore es-

sential points of contact for patients has been explained above. However, the shortage of 

doctors in Germany must also be taken into account. The Robert Bosch Stiftung (2021) as-

sumes that around 11,000 GP positions will be vacant in Germany in 2023. This would mean 

that 40% of rural districts are undersupplied. Here, too, solutions are desperately being sought 

and general health centers could provide relief, even a solution to the problem (Robert Bosch 

Stiftung, 2021). Fewer and fewer newly licensed GPs are willing to set up in rural areas in 

particular. Existing practices are finding it difficult to find successors, meaning that more and 

more practices are having to close, especially in rural areas. There are many reasons for this, 

such as the poor local infrastructure. Despite various concepts (remuneration supplements, 

turnover guarantees), it is difficult to minimize the prevailing shortage of doctors (Kassenärz-

tliche Bundesvereinigung, 2024).  

 

2. Research questions and hypotheses 

There are gaps in previous research with regard to the consideration of psychosocial pa-

rameters in the diagnosis of depressive patients, particularly in naturalistic cohorts of GPs. The 

prediction of depressive symptoms, their course and the associated psychiatric risks have not 

been investigated in previous studies. These gaps are to be closed and therefore the following 

hypotheses derived from the literature are put forward for this study: 

 

1. The influence of demographic variables and living environment 
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H1a: There is a significant difference in the occurrence of depressive symptoms be-

tween the ages and genders of patients in GP care.  

 

H1b: The current relationship status, especially living with a partner, has a significant 

influence on the occurrence of depressive symptoms in patients in GP care.  

 

H1c: The occupational situation has a significant influence on the occurrence of de-

pressive symptoms in patients in primary care.  

 

H1d: The number of inhabitants of the place of residence has a significant influence on 

the occurrence of depressive symptoms in patients in general practitioner care.  

 

2. The influence of psychosocial stressors 

 

H2a: Discrimination at school has a significant influence on the occurrence of depres-

sive symptoms in patients in primary care.  

 

H2b: Discrimination in the workplace has a significant influence on the occurrence of 

depressive symptoms in patients in primary care.  

 

H2c: There is a significant influence between a patient's financial problems and the 

likelihood of developing a depressive disorder in the GP practice. 

 

H2d: There is a significant association between the presence of mental and depressive 

disorders in the family and the likelihood that a patient will develop a depressive dis-

order in the GP practice. 

 

H2e: There is a significant association between a patient's low physical activity and the 

likelihood of developing a depressive disorder in GP practice. 
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H2f: There is a significant influence between a patient's high level of loneliness and the 

likelihood of developing a depressive disorder in GP practice. 

 

H2g: There is a significant relationship between a patient's lower general well-being 

and the likelihood of developing a depressive disorder in GP practice. 

 

3. Methods  

In the following, the study design and the recruitment setting are presented and an over-

view of the samples is given. The questionnaires used are then presented and the test quality 

is described. Finally, the statistical analysis follows and explains the statistical procedure with 

the data set. 

 
3.1 Study design  

The Graduate College POKAL (Predictors and Clinical Outcomes of Depressive Disor-

ders in Primary Care) has the main goal of significantly improving the care of depression in 

primary care patients. Through the collaboration of various specialist disciplines and leading 

scientists, new starting points for better primary care are to be developed. In particular, new 

diagnostic and therapeutic options are to be developed. The main aim is to fundamentally 

improve the productive interaction between doctors, practice teams and patients. There are 

nine projects in total, with the following three focal points: 1. the challenge of diagnostics, 2. 

the challenge of treatment and 3. the challenge of implementation. The present work is the-

matically located in point 1 of the diagnostic challenge and includes the "Prediction models 

for depression using psychological markers". The aim here is to significantly improve marker-

based prediction models for patients with unipolar depression for general practitioner assess-

ment and diagnosis. The topic of the dissertation presented here is derived from the over-

arching theme described above: "Prediction of depression using psychosocial parameters in a 

naturalistic cohort recruited in GP practices". The data was collected and analyzed at the Psy-

chiatric Clinic of the LMU University Hospital in Munich under the direction of Prof. Dr. Peter 

Falkai. In addition, GP practices in and around Munich were recruited. Funding and support 

were provided by the German Research Foundation (DFG-GrK 2621). The ethics application 

for the outpatient cohort was approved by the Ethics Committee of LMU University Hospital 
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in October 2022. This study is a Cross-sectional study that compares depressed subjects (dis-

eased cases) with non-depressed subjects (controls) with regard to demographic and psycho-

social factors.  

  

3.2 Sample and recruitment procedure 

In order to generate a representative outpatient sample, recruitment was carried out 

in three cooperating GP practices, in the psychiatric outpatient clinic of the LMU University 

Hospital and from the general population. The inclusion criterion for the outpatient cohort 

was the age of 18 and not older than 70. In addition, no illness from the schizophrenic spec-

trum or bipolar disorder was allowed to be present. Acute suicidal tendencies, a current ad-

diction, cognitive impairments and pregnancy were also not permitted. The German language 

had to be understood in order to be able to sign the written declaration of consent. The con-

sent form was obtained from licensed physicians and psychotherapists. The subjects were in-

formed that all questions should be answered as truthfully as possible. Patients were excluded 

if they developed an exclusion criterion during the course of the study. Study participants 

could withdraw their consent at any time and without giving reasons. The inclusion and exclu-

sion criteria were discussed in consultation with the treating GPs and information was ob-

tained from the treating psychiatrists at the clinic. The general population was selected and 

included through direct contact (flyers, direct approach). In order to make the sample as large 

as possible, the inclusion and exclusion criteria were set to ensure broad participation. Re-

cruitment took place on site in the GP practices, usually between 07:00 and 12:00 am. At the 

same time, flyers and information material were distributed in other GP practices, which then 

referred patients to us. The psychiatric outpatient clinic is located in the same building as the 

study office, so an appointment was made with these patients in the same building. The gen-

eral population was also examined in the psychiatric clinic of the LMU University Hospital. In 

order to be able to address as many population groups as possible, recruitment took place not 

only in the center of Munich, but also in outlying areas and outside of Munich. The recruitment 

process was continuously monitored so that under-representative groups could be specifically 

included if necessary. This measure made it possible to obtain a cohort that reflects the de-

mographic diversity of the general population. Subjects were offered a 25€ Rewe voucher as 

subject allowance. Each subject who came to the LMU University Hospital to participate had 
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the opportunity to be connected to the outpatient clinic immediately in case of acute symp-

toms. General practitioners in and around Munich were contacted by e-mail to see if they 

were interested in participating in the study. The GP practices were able to contact the study 

team by e-mail or telephone. The GP practices received an expense allowance of 500€ per 

month for the additional organizational work. The recruitment period was from the beginning 

of October 2022 to the end of June 2024.  

The patient data was collected using external and self-rating scales and questionnaires. 

In order to ensure comparability of the data, a questionnaire package was compiled for the 

subjects (see Appendix). Both mentally conspicuous and mentally inconspicuous subjects 

were included in the recruitment. Due to the different recruitment locations, it was not pos-

sible to determine a specific sequence of examinations. The study complied with the require-

ments of the DSGVO and all subjects were pseudonymized. The patient data was processed in 

the Centraxx database (Kairos GmbH 2009-2021 Version: 3.18.3.22). In this study, the regula-

tions of medical confidentiality and data protection are observed. All collected personal data 

and findings will be pseudonymized and the personal data will be replaced by a number code. 

All pseudonymized study documents will be kept under lock and key at the Clinic for Psychiatry 

and Psychotherapy for 15 years after completion or discontinuation of the study. The pseu-

donymized electronic data will be stored on a password-protected clinic drive for this period 

and deleted at the end of this period (Eder & Pfeiffer et. al 2023). The course of the inclusion 

date was as follows: Subjects were informed again regarding the informed consent form and 

included after the study background, procedure and risks were explained. The interviews were 

conducted and analyzed by trained personnel. The questionnaire package of self-ratings, 

which was affixed with a prepaid return envelope, was handed out on site after the interviews. 

The reason for this was that answering the questionnaire would take around 45 minutes and 

time should be set aside for this at home.  

At the end of June 2024 after recruitment, the data were completely digitized and 

cleaned in Centraxx (Kairos GmbH, 2009-2021, version: 3.18.3.22). To achieve the statistical 

objectives, a sample size of 450 subjects (alpha = .05, power = .85) was required. The primary 

outcome of the study is the prediction of the development of depressive disorders. Specifi-

cally, the study aims to determine how accurately psychosocial parameters can be used in the 

GP setting to predict depression. The psychosocial parameters are to be used to reliably pre-

dict the development of new depression.   
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3.3 Measuring instrument  

As depressive symptoms do not only occur with depression, but can also occur as con-

comitant or secondary symptoms, a number of interviews were used. The following two ex-

ternal rating questionnaires were selected on the basis of existing experience in order to spec-

ify the depressive symptoms:   

Structured Clinical Interview for DSM-5 Disorders - Clinical Version (SCID-5-CV). The in-

terview is conducted using a structured, fixed manual and asks for psychiatric diagnoses ac-

cording to the DSM-5. This should serve to validate the diagnosis of depression (First et al., 

2016).  

The Montgomery Asberg Depression Rating Scale (MADRS) is a questionnaire for ex-

ternal assessment of the severity of depressive symptoms and is administered as an interview. 

The assessment period refers to the past week and the questionnaire consists of ten ques-

tions. The questions are rated on a seven-point scale from zero to six. After adding up all the 

questions, the total score can be between zero and 60. The following symptoms are assessed: 

visible sadness, reported sadness, inner tension, insomnia, loss of appetite, difficulty concen-

trating, inactivity, numbness, pessimistic thoughts and suicidal thoughts. The score range is 

divided into four categories: 0-6 (no depression), 7-19 (mild depression), 20-34 (moderate de-

pression) and 35 (severe depression (Snaith et al., 1986).   

 

The other self-rating questionnaires were specifically selected for the psychosocial var-

iables in order to cover as many areas of the respondents' lives as possible:  

Collection of socio-demographic information based on the basic phenotyping of the 

biobank (BBM) taken from the inpatient setting. This comprises standardized questions on the 

occupational situation, living situation and other psychosocial stress factors that are collected 

as part of the biobank of the Psychiatric Clinic of the LMU University Hospital. The question-

naire was expanded to include additional contextual factors on the experience of the occupa-

tional situation and family stress factors. Survey of psychiatric history (if available) and family 

history of psychiatric and somatic illnesses. This questionnaire mainly collected anamnestic 

data on the psychiatric history and illnesses in the family context. 

The Patient Health Questionnaire 9 (PHQ-9) as a depression module is a self-assess-

ment instrument that asks about the presence and frequency of nine depressive symptoms 
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within the last two weeks in accordance with the diagnostic criteria for major depression ac-

cording to DSM-IV. These include the following aspects: reduced interest or pleasure, de-

pressed mood, sleep disturbances, tiredness or loss of energy, appetite disturbance, feelings 

of worthlessness or guilt, concentration disturbance, psychomotor slowness or restlessness, 

suicidal thoughts. Depending on the stated frequency of the symptoms, each item is assigned 

0 (not at all), 1 (on individual days), 2 (on more than half of the days) or 3 (almost every day) 

points. The scale sum value then corresponds to the sum of the point values of all nine items 

and varies between zero and 27 points. A score of ten or more points is defined as the pres-

ence of depressive symptoms (Kroenke, Spitzer & Williams, 2001). 

The University of California, Los Angeles (UCLA) Loneliness Scale was designed to meas-

ure loneliness, but without specifying the concept of loneliness. The three questions can be 

answered on a Likert scale of 0 (not at all), 1 (rarely), 2 (often) and 3 (very often). Research 

into the three-point scale has shown good internal, convergent and discriminant validity (Rus-

sell, 1996).  

The Lubben Social Network Scale (LSNS6) examines social isolation in older adults living 

in the community. The questionnaire consists of six questions, with six different response op-

tions. These are aimed at how many people there is contact with: 0 (9 or more), 1 (5 to 8), 2 

(3 or 4), 3 (2), 4 (1) and 5 (none).  Three of the questions asked about contact with family 

members and relatives and the other three about contact with friends and neighbors. There 

is a high degree of internal consistency, high correlations with criterion variables and good 

convergent validity (Lubben et al., 2006).  

 The 5-Item Well-Being Index (WHO-5) measures subjective psychological well-being 

over the past two weeks. The Well-Being Index consists of five questions, with six different 

response options 0 (all the time), 1 (most of the time), 2 (about more than half the time), 3 

(slightly less than half the time), 4 (now and then) and 5 (at no time). There is a high level of 

clinical validity and the questionnaire has already been used successfully in a large number of 

study areas (Topp et al., 2015). In addition, the WHO-5 showed good sensitivity and specificity 

in predicting major depression in adults (Henkel et al., 2004) 

The questionnaire on contextual factors associated with depression from The Brazilian 

Longitudinal Study of Adult Health (ELSA) was derived from the ELSA dataset and consists of a 

total of 26 questions. The main objectives of the ELSA study in Brazil are to investigate the 

incidence and progression of diabetes, cardiovascular diseases, their biological, behavioral, 
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environmental, organizational, psychological and social factors. The questionnaire was admin-

istered to 15,105 civil servants in Brazil and the age range was between 35 and 74 years. The 

collection of data on reproductive patterns, marriages, family composition and care grouping, 

and work-family interactions allows the role of these often less studied variables to be exam-

ined. The ELSA study provides a basic understanding of the causation and progression of psy-

chosocial and pathophysiological disease through the variables surveyed. Among the sociocul-

tural and psychological factors, stress at work, ethnicity and discrimination, the interface be-

tween work and family, neighborhood characteristics, social class, social capital and social 

networks are queried as social risk factors (Aquino et al., 2012). 

 

3.4 Statistical analysis  

 The dataset was first preprocessed (Pyle 1999): strings had to be given numerical val-

ues in order to be able to feed them into the models. For example, no into a zero and a yes 

into a one. Further, one-hot encoding was applied to categorical variables such as occupation, 

marital status and current occupational situation. For each category a new column was cre-

ated and whether one category was present or not the row value was one or zero (Harris & 

Harris, 2015). Row values with more than 50% missing values were dropped. Columns with 

low variance below a threshold of 0.01 are also excluded. Since the missing data is classified 

as MAR (Missing at Random) and not MCAR (Missing Completely at Random), KNN (K-Nearest 

Neighbors Imputation) imputation is used. In this method, missing values are estimated based 

on the similarity of the data points by using the values from nearest neighbor data sets (Little 

& Rubin, 1987). Descriptive statistics were calculated to obtain a comprehensive overview of 

the recruited outpatient cohort. The dataset included ordinal questions (e.g. age, neighbor-

hood conditions) and binary items (e.g. gender, marital status) as well as continuous data, 

including scores from the MADRS, WHO5, and PHQ9 scales. For the latter the mean and stand-

ard deviation were reported. In order to better characterize the cohort and highlight potential 

differences between groups, a comparative analysis was conducted between depressed and 

non-depressed participants. Depending on the distribution of the data, a T-test, the chi-square 

test or the Mann-Whitney U test were calculated.  

For Analysis was used: python version 3.9.18 with Pandas version: 1.5.2; NumPy ver-

sion: 1.24.3, scipy version 1.9.3 for general calculations, statsmodels version 0.13.5 for logistic 
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regression, imblearn version 0.11.0 for borderline smote, matplotlib version: 3.6.2 and scikit-

learn version 1.2.2 for Machine learning (ML) Modell.  

 

3.4.1 Logiskc Regression 

Logistic regression is a statistical technique used to model the relationship between a 

binary dependent variable and one or more independent variables. Originally introduced by 

David Cox (1958), logistic regression allows the probability of a particular outcome to be cal-

culated using the logistic function. This function transforms the linear combination of predic-

tors into a probability that lies between zero and one, which is particularly useful for dichoto-

mous outcomes such as yes/no or sick/healthy (Cox, 1958). In the calculations the dependent 

variable is depression (SKID II), and the independent variables are age, gender, number of 

inhabitants, relationship status, occupational situation, number of inhabitants, discrimination, 

financial problems, presence of mental and depressive disorders in the family, physical activ-

ity, loneliness and well-being. The calculations were carried out on 372 non-depressed pa-

tients and 72 depressed patients. The effect size was calculated for each independent variable 

of the logistic regression with the OR, which represents the ratio of the odds of the event 

occurring with a change in the independent variable. Statistical significance of the results was 

assessed using p-values. A p-value less than 0.05 was considered statistically significant. 

Within the Machine Learning Pipeline Logistic Regression was used as a prediction model, 

which will be described in further detail in 3.4.2.  

After that we performed classical frequentist logistic regression twice on the whole 

dataset. First, we perform logistic regression with a hypothesis-based approach based on the 

hypotheses derived from a literature search. Second, we also used the factors found by the 

machine learning pipeline to compare the performances. Gender and age at study inclusion 

were considered as covariates and added in both models. 

 

3.4.2 Machine Learning Pipeline 

Machine learning is a broad and dynamic field that involves the development of algorithms 

capable of learning from and making predictions or decisions based on data. Contrary to clas-

sical hypothesis-led study design and building, where models are typically constructed around 

pre-existing theories or assumptions, ML is inherently data-driven. In ML, patterns, relation-

ships, and insights are derived directly from the data itself, without requiring predefined rules 
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or hypotheses (Bishop, 2006). One of the foundational techniques within machine learning is 

regression analysis. Regression models are integral to ML because they provide a straightfor-

ward yet powerful method for understanding the relationships between variables and making 

predictions. In essence, regression models are designed to predict an outcome based on one 

or more input features. They work by estimating the coefficients of the input features that 

minimize the difference between the predicted and actual values. They are widely used not 

only for their simplicity and interpretability but also as building blocks for more complex ma-

chine learning models (Hastie et al., 2009). Moreover, they provide valuable insights into the 

nature of data and the relationships between variables, which can inform the design and im-

provement of more sophisticated algorithms. By learning from data, regression models can 

adapt to new information, making them a key tool in the broader context of machine learning 

(Breiman, 2001). The hyperparameters were optimized by grid search. Hyperparameters are 

parameters whose values must be set before training the model and which influence the 

learning behavior of the model. Grid Search systematically searches through a defined grid of 

hyperparameters to identify the best combination. The goal is to find the combination that 

achieves the best performance of the model based on a specific metric. Grid search is widely 

used in machine learning practice especially in combination with methods such as cross-vali-

dation to validate model performance and minimize the risk of overfitting (Bergstra & Bengio, 

2012). 

Following hyperparameters were optimised: C, Limited-memory Broyden-Fletcher-Gold-

farb-Shanno Algorithm (lmbfgs) and the alpha value of the Lasso regression which was per-

formed in order to conduct a feature selection. The regularization strength C of the logistic 

regression was optimized and set to one (Byrd et al., 1995). Detemined by grid search Imbfgs 

was chosen as the optimization algorithm, a standard solver that is well suited for small data 

sets and is characterized by a good convergence speed. In addition to the model configuration, 

as feature selection procedure Least Absolute Shrinkage and Selection Operator (Lasso) re-

gression was integrated to select the most relevant features for the model. Within this proce-

dure, another hyperparameter, the alpha value, was set to 0.05. This value indicates that a 

regularized model is used for feature selection, where alpha determines the regularization 

strength for the feature selection model. Lasso regression reduces the number of features by 

setting less important features to zero, which reduces the complexity of the model (Tibshirani, 

1996). 
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Data was split into training (80% of participants) and testing subsets (20% of participants) 

with randomly and stratified selected – were Bordeline SMOTE was conducted with the Train-

ing set.  SMOTE (Synthetic Minority Over-sampling Technique) generates synthetic examples 

specifically near the borderline between classes, which helps improve model performance on 

minority classes without oversampling indiscriminately. A distinction is then made between 

training data and test data. In the training data set, SMOTE (Synthetic Minority Over-sampling 

Technique) is used to artificially create new data points for the less represented classes, 

thereby improving the classification of these classes (Chawla et al., 2002). More specifically, 

the Borderline-SMOTE (Synthetic Minority Over-sampling Technique) as an extension of the 

classical SMOTE technique. Borderline SMOTE aims to improve the quality of the synthetic 

examples by focusing on the examples that are on the edge of the decision boundary. These 

examples are more critical as they often represent the most difficult cases that are the most 

challenging for the model to learn. The method generates synthetic data points that shift the 

decision boundary and thus improve the performance of the classifier on the boundary cases 

(Han, Wang & Mao, 2005). This technique identifies borderline cases in our cohort that are 

close to the cut-offs for depression and generates synthetic data sets to better represent less 

represented classes (Little & Rubin, 1987). The test set, however, was left unaltered to ensure 

an unbiased evaluation of model performance on real-world data. 

The nested cross-validation framework consisted of two levels: an inner and an outer 

cross-validation loop, both utilizing five folds. Nested cross-validation is an extended method 

of cross-validation that is used in particular when hyperparameter optimization is involved. 

The method addresses the problem of double dipping, where the data is used both to select 

the best hyperparameters and to evaluate the model (Varma & Simon, 2006). In nested cross-

validation, the data is split into multiple folds. In each round, one-fold is used as a test set, 

while the remaining folds are used for training and hyperparameter optimization. This method 

involves two levels of cross-validation: 

• Outer loop: The data set is split into training and test sets, with the test set being used 

for the final evaluation of the model. 

• Inner loop: A further cross-validation is performed within the training sets of the outer 

loop to find the best hyperparameters. 
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This nested structure helps Nested Cross-Validation to avoid overfitting and provide a more 

realistic estimate of model performance on new, unknown data. Separating the optimization 

from the evaluation in two nested loops ensures a bias-free estimation of model performance.  

After completing the nested cross-validation, the final model performance was deter-

mined by the results from the last iteration of the outer cross-validation loop. Various metrics 

are used to evaluate model performance. A key metric for this work is the F1 score. The F1 

score is a metric for evaluating the accuracy of a classification model. It is the harmonic mean 

of precision and recall and is used in particular when a balance between these two metrics is 

desired (Sokolova & Lapalme, 2009).  To better evaluate the diagnostic accuracy of the test 

under investigation, the specificity and sensitivity are considered. The sensitivity of a test in-

dicates the proportion of people correctly diagnosed as sick among all those actually sick in 

the sample examined. A test procedure with high sensitivity can rule out a disease with a high 

degree of certainty. Specificity describes the proportion of people correctly diagnosed as 

healthy among all those in the sample who are not ill. A test with high specificity is particularly 

good at confirming an illness with a high degree of certainty (Altmann & Bland, 1994). To eval-

uate a binary classifier, the accuracy is determined based on the proportion of correctly clas-

sified cases in a data set. Both the correctly classified cases, true positives and true negatives, 

are considered in relation to the total number of cases. To determine how well a model per-

forms in identifying the respective classes, the positive predictive values and the negative pre-

dictive values are included. This provides information on the overall accuracy of a classifier 

(Bishop, 2006). Additionally, the permutation importance was calculated in order to deter-

mine features with the highest predictive performance of the model. A higher value means 

that permuting this feature strongly degrades the model performance, indicating a greater 

importance of the feature (Breiman, 2001). The permutation importances were calculated us-

ing the scikit-learn inspection module. In the code, the permutation importances are averaged 

over several repetitions (n_repeats = 30) to reduce random fluctuations (Breiman, 2001). In 

addition, a Receiver Operating Characteristic (ROC) curve was created for all the regression 

models (Zwei & Campbell, 1993). Figure 1 illustrates the process of ML.  
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Fig.: 2 Machine learning process 

 

4. Results 

This section begins by describing the descriptive results of the sample in more detail. The 

relationship between psychosocial parameters and depression in the outpatient sector is then 

discussed. The number of patients who were not recruited from the GP environment was not 

specifically recorded during recruitment. The number of responses (N) varies, as not all re-

spondents answered every question in full. This was considered in the calculation and is shown 

accordingly in the results. 

4.1 Descriptive statistics 

The present sample with a total of 454 test persons consisted of 60% female and 40% 

male study participants. The average age at study inclusion was 41.2 years (SD = 14.28), with 

an age range of 18 - 70 years. Most participants were between 29 and 54 years old (25%-75% 

interquartile range). 93.9% of the participants had been born in Germany. When asked 

whether they themselves, their parents or grandparents had grown up in another country, 

15.8% answered yes. When asked about the language, 95.7% stated that their mother tongue 

was German. On average, participants currently lived in a larger city or metropolitan region 
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(Tab.: 1). The place where they had grown up was on average in a smaller medium-sized town 

(Tab.: 2). 

 

Tab.: 1 What is the size of your current place of residence (inhabitants)?  

*Non-depresses N=372, depressed N=63   

 

Regarding their current marital status, the respondents stated the following cohabita-

tion: 22.3% single, 15.5% living in a couple, 27.0% married (including registered civil partner-

ship), 2.0% unmarried, separated, 5.9% divorced. With regard to their occupational situation, 

32.9% worked full-time, 18.7% part-time, 46.6% were in other categories (housewife/house-

husband, maternity or parental leave, in retraining, pupil, student, in vocational training/ap-

prenticeship/dual studies, pensioner, semi-retirement, early retiree, permanently unable to 

work, marginally employed/mini-job, occasionally employed, federal voluntary service/volun-

tary social year or other) and 1.8% stated that they were currently unemployed. The calcula-

tions were carried out including unemployment, since the other variables were not significant. 

Looking at family life, 20.3% stated that their parents had separated. In 56.5% of cases, a fam-

ily history of mental illness is already known (anxiety disorders, depression, obsessive-com-

 
Variable non-depressed (%) depressed (%) 
until 5.000 (village/country town) 2 3 
until 20.000 (small town) 23 13 
until 50.000 (small medium-sized town) 16 11 
until 100.000 (large medium-sized town) 9 1 
until 500.000 (large city) 5 0 
above 500.00 (large city) 45 60 

 
Variable non-depressed (%) depressed (%) 
until 5.000 (village/country town) 20 26 
until 20.000 (small town) 34 40 
until 50.000 (small medium-sized town) 13 11 
until 100.000 (large medium-sized town) 6 3 
until 500.000 (large city) 5 0 
above 500.00 (large city) 23 19 
Tab.: 2 What is the population of the town/city in which you (mainly) grew up?  

*Non-depressed N=373, depressed N=72 
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pulsive disorder, alcohol or drug addiction, medication dependence, schizophrenia or psycho-

sis, manic-depressive illness and autism). If the level of education of this sample was examined 

more closely, most of the test persons had a school-leaving certificate with a vocational bac-

calaureate. With the 25%-75% interquartile range, most of the qualifications ranged from in-

termediate school leaving certificate to A-levels. Overall, 84.5% were employed during the 

survey and worked an average of 29.5 hours per week. The average weekly working hours are 

27 hours per week (SD = 15.37) and the average monthly net income is itemized in Tab.: 3. 

 

Tab.: 3 What is the approximate average net monthly household income?   

*Non-depressed N=372, depressed N=72 

 
Variable non-depressed (%) depressed (%)   
missing 3 0   
less than 500€ 2 4   
500 - 1.000€ 5 8   
1.000 - 1.500€ 5 8   
1.500 - 2.000€ 8 17   
2.000 - 2.500€ 9 22   
2.500 - 3.000€ 12 11   
3.000 - 3.500€ 10 3   
3.500 - 4.000€ 7 7   
4.000 - 5.000€ 11 6   
5.000 - 6.000€ 8 4   
6.000 - 7.000€ 7 7   
7.000 - 8.000€ 3 3   
8.000 - 9.000€ 2 0   
9.000 - 10.000€ 2 0   
10.000 - 12.000€ 2 0   
above 12.000€ 2 0   
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Tab.: 4 showed the group comparison between the entire sample, the non-depressed 

subjects and the depressed subjects in tabular form in order to provide a better overview of 

the cohort presented. The p-values were corrected using the Benjamini-Hochberg procedure 

(Benjamini & Hochberg, 1995). 
 

Tab.: 4 socio demographic Data   

*M = mean; SD = standard deviation. The N can vary for the values, because the participants have left out questions. 

 

4. 2 Relationship between psychosocial parameters and depression in the outpatient setting 

Based on the SKID interview, 16.2% of participants currently had a diagnosed depressive 

disorder. In the second external rating, the MADRS, the average score was 7.7 (SD = 8.8). Most 

participants had a score between one and 11 (25% - 75% interquartile range). The PHQ9 total 

score had an average value of 6.4 (SD = 5.57) with a range of three to 26 points for the partic-

ipants. Currently, 19.5% of the study participants were undergoing psychiatric treatment. The 

average age at first psychiatric complaints was 22.8 years (SD = 14.28) and the age at first 

seeking help was 29.4 years (SD = 13.37). The average number of (partial) inpatient psychiatric 

treatments was 1.7 treatments (SD = 2.66). Experiences of discrimination in the workplace (SD 

= 1.05) and at school (SD = 0.98) were measured below. The values ranged from zero to three 

and in both categories the average value was 2.2. The spread of responses was similar in both 

areas, which indicated a certain diversity in the experiences of the test subjects. 

Regarding other questionnaires, the following results were obtained: for social networks 

(LSNS6), the average score was 17.5 (SD = 6.34), with a range of zero to 30 and a median score 

Variable total non-depressed depressed p-value
N=454 N=372 N =72

SD M SD M SD M
age 14,3 41,2 14,6 41 11,9 39 0,29
discrimination (school) 0,98 2,39 0,91 2,28 0,91 1,99 0,01
discrimination (work) 1,05 2,32 0,93 2,24 0,99 2,01 0,08
LSNR 6 6,34 17,42 5,21 18,24 5,27 13,14 0,01
Loneliness-Scale 2,1 2,79 1,53 2,37 2,21 4,57 0,01
MADRS 8,86 7,74 5,33 4,79 7,94 22,78 0,01
PHQ9 5,57 6,62 3,2 4,98 5,58 13,53 0,01
WHO5 5,93 16,4 4,43 14,95 4,35 22,51 0,01
sports activity 0,47 0,68 0,42 0,77 0,5 0,51 0,01
people in the neighbourhood are trustworthy 0,89 1,04 0,81 1,14 0,95 1,44 0,04
people in the neighbourhood help each other 1,10 1,36 0,91 1,31 1,10 1,88 0,01
people generally don't get along in the neighbourhood 1,01 3 0,88 2,98 0,94 2,72 0,05

total (%) non-depressed (%) depressed (%)
parents separated 27 19 28 0,22
marital status (unmarried) 22 19 39 0,01
marital status (married) 27 30 11 0,01
Currently in psychiatric treatment 20 69 29 0,01
previous mental illnesses 57 56 78 0,01
unemployment 11 1 10 0,01
sex (woman/men) 60 / 40 59 / 41 46 / 26 0,71
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of 18. The feeling of loneliness (UCLA Loneliness Scale) had an average score of 2.8, (SD = 2.10) 

with a range of zero to nine. Here, 50% of the participants had values between one and four 

and the standard deviation is 2.1. The average well-being score of the WHO-5 was 16.4 (SD = 

5.93). 

In the present data set, classic logistic regressions produced the following results for the 

variables: A more intense feeling of loneliness ("Lonliness_overall") is strongly positively asso-

ciated with the prediction of the positive class (coefficient = .89). “Loneliness_overall" had the 

highest permutation Importance (Importance = .09) of the variables, which showed that lone-

liness was the most important feature in the model which was determined by the ML Pipeline. 

A more intense feeling of LSNS6 score (which measures social networks and social support) 

was negatively associated with the diagnosis of depression (coefficient = -.61). The LSNS6 

score also had a significant permutation Importance (Importance = .04). The number of inhab-

itants (coefficient = -.48), which possibly indicated the size of the place of residence, had a 

negative coefficient. The number of inhabitants had a moderate importance (Importance = 

.02). Unemployment was positively associated with the prediction of positive class (coefficient 

= .35). Unemployment had the lowest permutation Importance among the listed characteris-

tics (Importance = .01). Regular physical activity also had an influence on the model, but less 

strongly than the other characteristics (coefficient: - .25). Physical activity had a low permuta-

tion importance (Importance = .01). 



 42 

 

 

Fig. 2.: Permutation Importance 

* Loneliness measured with the: UCLA Loneliness Scale and physical activity was measured using the question: “Do you en-

gage in physical activity at least once a week?” 

To better illustrate the logistic regression models in training, the specificity and sensitivity 

were described with the help of the model's confusion matrix:  

 

 predicted not depressed predicted depressed 

actually not depressed 234 63 

actually depressed 34 49 
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4.2.1 Training Data 

The model achieved an overall accuracy of .74 for the socio-demographic data during 

training. The sensitivity for depressive cases was .59 and the specificity was.59. For the 

non-depressed cases, the sensitivity and specificity were .79. Depressive cases had an ac-

curacy of .58. This resulted in an F1-score of .50 for depressive cases and the AUC value 

was .75. For the PHQ9, the model achieved an overall accuracy of .83. The sensitivity was 

.78 and the specificity was .59. The PHQ9 model using the PHQ9_Sum_Score shows a high 

performance with an area under curve (AUC) score of .89 and an overall accuracy of .83. 

The depressive cases achieved a precision of .58 and a sensitivity of .78, which represented 

an improvement in sensitivity compared to the logistic regression model. The F1 score for 

the depressed cases achieved an F1 score of .66. For the WHO5 model, the sensitivity was 

.72 and the specificity was .59. The WHO5 model, which only uses the WHO5_Sum_Score, 

achieved an AUC score of .87 and an overall accuracy of .77. The non-depressive cases also 

performed better in this model, with a precision of .91 and a sensitivity of .78, which indi-

cated a high specificity in the prediction of non-depressive cases. The depressive cases 

achieved a precision of .48 and a sensitivity of .72, resulting in an F1 score of .57 for the 

depressive cases.  

 
Fig. 3.: Receiver Operating Characteristic – Training Data – where additional borderline cases were introduced due to using 
borderline SMOTE - Logistic Regression 
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4.2.2 Test Data  

The model achieved an overall accuracy of .85 for the socio-demographic data in the 

test. The sensitivity was .57 and the specificity was .57. The non-depressive cases performs 

better than the depressive cases with a precision of .92 and a sensitivity of .91. The latter 

achieved a precision of .53 and a sensitivity of .57. This led to an F1 score of .55 for the de-

pressed cases. For the PHQ9 model in the test, the model achieved an overall accuracy of .84. 

The sensitivity for depressive cases was .86, and the specificity was .84. The PHQ9 model, as 

measured by the PHQ9_Sum_Score, performed strongly with an AUC of .90 and an overall 

accuracy of .84. For the depressed cases achieved an accuracy of .50 and a sensitivity of .86. 

The F1 value of the depressed cases was .63. In the test, the WHO5 model showed an overall 

accuracy of .80. For depressive cases, a sensitivity of .79 and a specificity of .80 were meas-

ured. With the WHO5_Sum_Score, the WHO5 model achieved an AUC value of .87 and an 

overall accuracy of .80. The precision is .95, and the sensitivity is .80. Depressive cases 

achieved a precision of .42 and a sensitivity of .79, resulting in an F1 score of .55 for the de-

pressed cases. 

 

Fig. 4.: Receiver Operating Characteristic – Test Data – Logistic Regression  
 



 45 

4.2.3 Logiskc regression 

Two logistic regression models were calculated. Model one was developed and calcu-

lated on a hypothesis-driven basis. A logistic regression analysis for the hypothesis-driven 

model revealed a statistically significant result, χ² (22, N = 444) = 139.44, p < .001, and ex-

plained 35.42% (Pseudo R²) of the variance. Model two, on the other hand, is based on the 

factors identified in the machine learning pipeline and was calculated considering the entire 

data set (N=444; Pseudo R².: 0.29; p < 0.001). In Tab.: 5 the results of the hypothesis-based, 

classical regression are presented and in comparison, to this, Tab.: 6 shows a regression that 

was carried out with the entire data set and then compared with the variables of the ML 

model. 

 

 
Tab.: 5 classical hypothesis-based regression  

 

 
Tab.: 6 classical regression with the ML parameters 

 

An ROC curve (area = .83) was calculated in order to have a comparison metric (Fig.: 

5). In addition to the modeling, a multiple linear regression was performed using the machine 
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learning model. Age and gender were included in the model as additional covariances. Finally, 

the ROC curve (Fig.: 6) for the hypotheses put forward was presented graphically, showing an 

area under the curve (AUC) of .88, which confirmed the high performance of the model in 

distinguishing between depressed and non-depressed cases in GP practice.  

 

  
Fig. 5.: Shows the Receiver Operating Characteristic of the 
factors found trough the ML pipeline within the Logistic Re-
gression Model             

Fig. 6.: Depicts the Receiver Operating Characteristic of pre-
defined hypotheses that were found trough a literature 
search 

 

5. Discussion 

In this chapter, the results of the study presented are interpreted and discussed. The re-

sults are then compared with the current state of research. Finally, the strengths and limita-

tions of the present work for research are drawn.  

5.1 Summary of the results in the context of the hypotheses 

The sample consisted of predominantly German participants who were on average 41 

years old and most of whom lived in a larger city or metropolitan area. The proportion of 

women (60%) must be considered when interpreting the data. The majority of the participants 

had a higher level of education (vocational baccalaureate or higher), which may indicate a 

higher social and economic status. In addition, the test subjects had a high average net income 

of 2.500 - 3.000€. Since most of the participants were employed and work an average of 29.5 

hours per week, this could indicate a stable economic situation for the test subjects. At the 

same time, however, there was a small group that was unemployed, which can be seen as a 

risk factor for psychological stress and depression. The high proportion of married people or 

people living in couple relationships (around 42.5% in total) indicate a stable social support 
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system, which could have a positive effect on well-being. However, the proportion of partici-

pants whose parents had separated (20.3%) and the high number of known mental illnesses 

in the family (59.5%) could indicate increased mental stress within this recruited cohort. The 

high prevalence of an urban lifestyle and an economically stable situation suggests that both 

protective and stressful factors were captured by the socio-demographic data in this popula-

tion. These factors could influence the risk of mental illness, which should be considered in 

future studies or interventions. The SKID interview showed that 16,2% of subjects currently 

suffered from a depressive disorder, which means that the majority did not show any notice-

able symptoms in this interview. The MADRS score (7.7) indicated low to moderate depressive 

symptoms, whereby the high standard deviation (8.8) indicates a considerable variance in the 

severity of symptoms among the participants. The PHQ-9 values (6.4) also showed a moderate 

depressive burden in the sample. A significant proportion of the study participants were cur-

rently undergoing psychiatric treatment, which indicates an existing burden. The average age 

at the onset of first symptoms and at first seeking help shows a time delay, which indicates a 

delay in seeking help of around seven years. Although the mean value for first psychiatric help 

is 29.17, the large standard deviation indicates that some participants had many treatments, 

while others had few or no treatments. The average number of (partial) inpatient psychiatric 

was 1.7 treatments, which specifically means that 50% of the participants have had between 

zero and two treatments in their lifetime. In terms of experienced discrimination, it was shown 

that most respondents had a moderate to high experience of discrimination in the workplace 

(SD = 1.05). The LSNDR6 indicates a moderate social network in the sample population (M = 

17.42; SD = 6.34). In the UCLA Loneliness Scale (M = 2.8), the standard deviation of 2.1 indi-

cates that the respondents' answers are widely dispersed. This suggests that there are partic-

ipants with both a very low and a very high loneliness score. With its mean value, the WHO-5 

indicated a medium level of well-being (M = 16,4; SD = 5.93). This means that most partici-

pants experience a balanced sense of well-being, with no extremes such as zero or 30. As 25% 

of participants scored 21 or above, this indicates that a quarter of participants had a fairly high 

sense of well-being. 

With regard to the machine learning process, the following results were shown in the 

training dataset: the identification of 234 true negatives means that only a few people were 

incorrectly classified as depressed, which indicates a high specificity. As in every model, there 

are also subjects who were incorrectly classified as false negatives, although they belong to 
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the depressive cohort. For the 49 true positives, the model shows a high sensitivity. The clas-

sification performance of the training shows for the socio-demographic data for non-depres-

sive cases that the sensitivity is .79, which means that the model correctly identified .79 of the 

actual instances of this cases. The specificity for these cases is also .79, indicating that the 

model correctly identified .79 of the actual non-depressed as such. For depressive cases, the 

sensitivity is .59, indicating that the model correctly identified .59 of the actual depressives in 

this class. The specificity for depressive cases is .59, meaning that the model correctly identi-

fied .59 of the actual non-depressives as such. In summary, the results show that the model 

has a good ability to identify class 0 and is minimally more limited in identifying class 1. The 

specificity is identical to the sensitivity for both classes. With an AUC score of .75, it is shown 

that the model has a good overall ability to distinguish between the classes. In other words, 

the socio-demographic data show a difference between depressed subjects and healthy sub-

jects. If the model is considered in relation to the PHQ9, a high performance in sensitivity and 

specificity could be demonstrated. The AUC score of .89 shows a very good ability to distin-

guish between the classes. The WHO-5 model shows good performance with a sensitivity for 

non-depressive cases of .78 and for depressive cases of .72. The specificity reflects the ability 

of the model to correctly classify non-depressive. The AUC score of .86 underlines the overall 

good discriminatory ability of the model between the classes. When all three areas are com-

pared with each other, it is noticeable that two standardized and established test procedures 

such as the PHQ9 and the WHO-5 are only minimally better at predicting depression than the 

sociodemographic data. The PHQ9 and the WHO5 were developed specifically for the diagno-

sis of depression and are based on diagnostic criteria. In contrast, the sociodemographic sur-

vey does not contain any questions on symptoms. These results underline the key function of 

sociodemographic data in communication between GPs and their patients. While question-

naires should certainly continue to be completed in the waiting area, the present results make 

it clear that sociodemographic data are just as important. With an accuracy of .77 on the WHO-

5, the sociodemographic scores show an almost similar accuracy of .74. The integration of 

sociodemographic data into the diagnostic process can provide valuable insights that go be-

yond the purely symptom-oriented questionnaires. Especially when it comes to capturing a 

more comprehensive picture of the patient's life circumstances. These findings can be directly 

incorporated into treatment planning, which standardized tests such as the PHQ9 and the 

WHO-5 cannot do in the same way. The results suggest that the inclusion of information such 
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as loneliness, well-being, unemployment and physical activity is of great importance, espe-

cially for psychotherapeutic practice. This indicates that a stronger focus on socio-demo-

graphic factors is essential in primary care. Not only does the accuracy of diagnosis improve, 

but the therapeutic relationship is also strengthened and individualized treatment approaches 

can be created.  

The logistic regression analysis revealed significant correlations between certain vari-

ables and the probability of depressive disorders in the outpatient setting. Regarding the hy-

potheses, the following conclusions were drawn: a non-significant p-value (p > .05) indicates 

that age at study inclusion has no statistically significant influence on the occurrence of de-

pressive disorders. The OR of .06 suggests that an increase in age is associated with a lower 

likelihood of depression, but this relationship is not significant. Regarding the variable gender, 

the p-value indicates that gender has no significant effect on the occurrence of depressive 

disorders. We found an OR of 1.2, indicating that women have a slightly higher probability of 

depression, but this relationship is not statistically significant. Hypothesis 1a is therefore re-

jected. Hypothesis 1b regarding the relationship status of the test subjects has no significant 

influence on the probability of a current depressive illness (p = .51) and is therefore also re-

jected. The coefficient is positive, suggesting that individuals who are in a committed relation-

ship and living with their partner may have a slightly higher likelihood of having a depressive 

disorder compared to other categories ("No" and "In a committed relationship but not living 

together"). However, this effect is not significant and therefore the influence cannot be con-

firmed. Unemployment is significantly positively associated with depression (p < .01). We 

found an OR of 0.51, indicating that unemployed people are 1.7 times more likely to be de-

pressed, suggesting that unemployment is a risk factor for depression. Hypothesis 1c is there-

fore confirmed. The analysis shows that the number of inhabitants of the place where the 

participants grew up is significantly negatively associated with the probability of depression 

(p < .05). The odds ratio of .71 indicates that people from larger towns are about 29% less 

likely to suffer from depression. This suggests that hypothesis 1d can be confirmed. Hypothe-

sis 2a, that discrimination at school has a significant influence on depressive symptoms, was 

confirmed. The analysis shows that discrimination at school is significantly negatively associ-

ated with the probability of depressive disorders (p = .01). The odds ratio of .48 suggests that 

experiencing discrimination at school may be associated with an approximately 52% lower 

likelihood of depressive illness. This suggests that experiencing discrimination at school may 
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be associated with a lower likelihood of current depressive illness, but this seems contradic-

tory and should be investigated further. Experiencing discrimination at work has no signifi-

cant effect (p = .93) on the likelihood of current depressive illness. Financial problems show a 

significant influence (p = .03) on the probability of a current depressive illness. Hypothesis 2b 

is rejected, whereas hypothesis 2c is confirmed. Hypothesis 2d, which asks about previous 

family illnesses, is significant (p = .01). This indicates that a family history of mental illness is 

associated with a higher probability of a depressive illness and the hypothesis can be con-

firmed. Physical activity is not significantly associated with depression (p > 0.05) and hypoth-

esis 2e is therefore rejected. The OR of .20 indicates that physical activity may have a slightly 

protective effect, but this effect is not statistically significant. The results of the logistic regres-

sion for loneliness (Lonliness_total) (p = .01) show that a coefficient of .76 is significantly pos-

itively associated with the occurrence of depressive symptoms. This indicates that people who 

report a higher level of loneliness are more likely to be classified as depressed. Social support 

(LSNS6_total) has a significant negative impact on the occurrence of depression (p < .04). An 

OR of .57 indicates that greater social support is associated with a reduction in the likelihood 

of depression, suggesting that social networks have a protective effect. Hypothesis 2f and 2g 

can therefore be successfully confirmed.  

Finally, a new regression was run on the entire dataset to ensure comparability across 

different approaches. Loneliness is the most important feature in the model in terms of both 

coefficients and permutation importance, suggesting that it is a strong predictor of depres-

sion. People who feel lonely are more likely to be categorized as depressed social support 

from the (LSNS6) also plays a significant role. Its influence is negative, which means that 

stronger social networks reduce the risk of depression. People with stronger social networks 

and more social support are less likely to be classified as depressed. Population size and un-

employment are also relevant, but less influential. The number of inhabitants indicates that 

people in larger towns are less likely to be classified as depressed. One possible reason for this 

could be the better social and economic conditions. Although unemployment in particular is 

positively associated with the prediction of depression, it plays a lesser role overall in the 

model prediction. The unemployment results indicate that unemployment is a risk factor for 

depression, as people without a job are more likely to be classified as depressed. Physical 

activity in particular plays a minor role in the model prediction. The results for physical activity 

show that increased activity can be associated with a reduction in depressive symptoms. This 



 51 

interpretation sheds light on which factors the model has identified as important predictors 

for the states to be classified and how strongly these factors influence the model's decisions. 

The Importance of LSNS6 indicates that social support and networks play a significant role in 

model prediction but are less important than loneliness. The number of inhabitants influences 

the model, but not as strongly as loneliness and social support. Unemployment and physical 

activity are less decisive for the prediction than the other characteristics.  

5.2 Discussion of the results considering the current state of research 

The present results extend the correlations documented in the literature between de-

mographic, psychosocial factors and depressive symptoms. The gender differences reported 

in the literature (Bebbington (1996); Piccinelli & Wilkinson (2000), Kühner (2003)) could not 

be confirmed in this study. There are still inconsistent findings in the literature (Hammarström 

et al. 2009). Empirical evidence has already shown that the low treatment rate among men is 

not due to a better state of health, but rather, for example, to the discrepancy between the 

perception of need and behavior when seeking help. This is probably still due to outdated 

traditional social norms (Möller-Leimkühler, 2002). In comparison to the sample recruited 

here, this problem can be illustrated: 46% of women fulfil depressive symptoms and only 26% 

of men. In ourmachine learning model presented here, gender did not show any significance, 

but future studies should confirm these results. Other studies (Weissman and Klerman, 1977; 

Krönke & Spitzer, 1998; Williams et al, 1995; Stage & Kragh-Sørensen et al, 2003; Poutanen et 

al, 2009; Müller et al, 2024) have shown a wide variety of results on this for decades and it will 

probably take much larger, longitudinal studies to clarify the question of whether there are 

gender-specific differences in prevalence or whether depressive symptoms determine the re-

sponse behavior to the therapy. In all researched studies (Busch et al., 2013; Hapke, Cohrdes, 

& Nübel, 2019; Strine et al., 2006), the highest prevalence of depressive symptoms in both 

genders was between 18 and 29 years of age. This cannot be reflected in the outpatient setting 

here, as the average age is 41 years. The results of Beesdo-Baum and colleagues (2017) point 

in the same direction, the participating patients were on average 53.8 years old, with a range 

of 18-95 years and 60.4 % were female. Therefore, it is pointed out that also other psychoso-

cial parameters should be addressed. Overall, Allen and colleagues (2014) discovered that 

mental disorders most heavily impact disadvantaged and impoverished populations. This can 

also be shown here by the net household income per person. In our study, the subjects with 

depressive symptoms had the lowest income with an average of 2.500€. The analysis shows 
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the significant role of unemployment as a risk factor for depression. This is in line with previ-

ous studies that have shown a strong link between unemployment and mental illness (Hans & 

Lee, 2015; Reibling et al., 2017). Our calculations show that the size of the place of residence 

is also a relevant factor. People who grew up in larger towns are significantly less likely to 

suffer from depression. However, the researched studies report that the lowest prevalence of 

depressive symptoms was found in small towns (Robinson et al., 2017 & Busch et al., 2013). 

The correlation we found could be explained by several factors. Larger cities may offer better 

access to health services, social networks and employment opportunities, which could act as 

protective factors against depression. It should also be noted that, on average, participants 

live in larger cities than they grew up in. This indicates that changes in city size across the 

lifespan may play a role in mental health (Lederbogen et al., 2011). These results suggest that 

the city size in which the subjects grew up may have a long-term influence on mental health. 

This should be investigated further in future studies. One caveat is that our study largely took 

place in the greater Munich area and therefore fewer patients came from small towns.  

We found that family history was significantly associated with an increased likelihood 

of depressive illness. This finding is consistent with previous studies that emphasize the im-

portance of family influences on mental health (Han & Lee, 2015; Brydsten, Hammarström & 

San, 2018). When considering educational status, we were also able to recognize that a lower 

prevalence was shown in the upper education group than in the middle or lower education 

group, which has also been documented in the literature (Heidemann, 2021). An unexpected 

finding of our study is the relationship between experiencing discrimination at school and a 

lower likelihood of depression. At first glance, this relationship appears contradictory, as dis-

crimination is typically considered a risk factor for mental illness (Benner et al., 2018). One 

possible explanation could be that the difficulties experienced at school may promote resili-

ence or that the adult test subjects subsequently developed stronger coping strategies. In ad-

dition, the average age in our study was 42 years and we cannot draw any conclusions about 

the presence of depression in childhood and adolescence. Further research is needed to bet-

ter understand this relationship. Studies related to discrimination in school and depression in 

adulthood were not found in the literature. Smyth and colleagues (2015) identified the impact 

of perceived emotional support and the size of the friend and family network as protective 

factors against mental health disorders. This may also be reflected by the LSNS6 in the cohort. 

Our results showed a negative influence on the occurrence of depression (p < .01). This means 
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that stronger social support is associated with a reduction in the likelihood of depression, in-

dicating that social networks have a protective effect. In terms of society, there has been an 

increased focus on safety in the neighborhood (Chen et al., 2017; Stansfeld et al., 2017). A 

study in China showed that a lower level of depression can be associated with satisfaction in 

the living environment and safety in the neighborhood (Fu, 2018). The neighborhood connec-

tion was also surveyed in this sample and the questions correlated strongly with the severity 

of depressive symptoms. Further studies, especially in German-speaking countries, are 

needed to substantiate our findings.  

The results presented in relation to loneliness show that it has remained high even 

after the COVID-19 pandemic. The presence of loneliness shows that it is a key predictor of 

the onset of depressive symptoms in outpatients. These findings are consistent with the grow-

ing literature that identifies loneliness as a significant risk factor for depression, particularly in 

post-pandemic contexts (Entringer, 2022; Kirkland et al., 2023). The importance of social sup-

port for mental well-being is again underpinned by our findings. People with a strong social 

network are significantly less likely to suffer from depression. This is confirmed by numerous 

studies that emphasize the protective factor of social support for mental health (Smyth et al., 

2015).  

Henkel and colleagues (2003) have pointed out that the use of the WHO-5 scale can 

help GPs to recognize depression at an early stage. The results here confirm this, but the socio-

demographic data should not only be seen as a supplement to established test procedures 

but should be investigated as an essential component of the diagnosis and treatment of de-

pression. Our results could have an impact on the design of future diagnostic tools and thera-

peutic treatment approaches. For example, the waiting room in GP surgeries should serve as 

a tool here, in which patients can fill out a PHQ9 in a resource-saving manner and socio-de-

mographic data can be determined. The GPs could already be provided with valuable infor-

mation and the personal discussion could clarify any unanswered questions. In our recruited 

cohort, 16.2% of depressed patients were interviewed. The literature confirms that up to 20% 

of patients treated as outpatients in primary health care have depression (Burnham et al., 

1989; Coulehan et al. 1990; Gerber et al., 1992). If more recent studies that relate the diag-

nostic criteria specifically to the ICD-10 are included, the prevalence indicates 10 - 14% of 

depressed patients in GP practices (Winter et al., 2000; Beesdo-Baum et al., 2017 & Jacobi et 
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al., 2002). Research is also already being conducted worldwide on the topic of social determi-

nation in the outpatient setting (Müller et al., (2024); Hildebrandt, Stage & Kragh-Sørensen 

(2003); Bertakis et al. (2001); Poutanen and colleagues (2009)), but the comparability of the 

data is limited. This supports the argument that it is important to conduct further studies on 

this topic in order to enable comparability. It is difficult to compare studies across countries, 

as there is no standardized global approach to primary care. For example, the system of a 

general practitioner differs between countries and some also offer disorder-specific consulta-

tion hours or support services (Müller et al., 2024).  

Screening for mental illness is often challenging for primary care providers. This is due 

to various factors such as insufficient specialist knowledge in the field of psychiatric care 

(Beesdo-Baum et al., 2017; Jacobi et al., 2002), potentially negative reactions from patients to 

the screening, as well as the perception and getting to know the patients personally. However, 

time constraints and a lack of familiarity of primary care providers with the treatment of psy-

chiatric disorders also play an essential role (Wittchen & Pittrow, 2002). GPs who have com-

pleted an additional qualification in psychotherapy had significantly better scores in the recog-

nition of depression (Beesdo-Baum et al., 2017). This shows the importance of specific training 

for GPs, especially with the prevalence of 9.2% for depression in Germany, which is higher 

than the European average of 6.6% (Hapke, Cohrdes, & Nübel, 2019). Given the considerable 

importance of early and specialized treatment for depressed patients, it is surprising that only 

a small proportion of doctors (7.5%) report consistently referring their patients to psychia-

trists. This is mainly due to the fact that the doctors surveyed emphasized the difficulty of 

referring patients to psychotherapists (49.6%) or psychiatrists (31.9%) (Wittchen & Pittrow, 

2002). These figures highlight a worrying gap in care. This may be due to a lack of resources, 

time pressure or inadequate training in dealing with mental illness in primary care.  

Particularly alarming is the fact that two thirds of depressed adults in Germany con-

tinue to be underserved, which underlines the urgency of improving care structures (Thorni-

croft et al., 2017). This undersupply is reflected both in the limited availability of specialists 

and in the limited variety of treatment options offered in primary care (Robert Bosch Stiftung 

(2021) & Kassenärztliche Bundesvereinigung (2024)). Primary care, which for many patients is 

the first and often only point of contact with the healthcare system, therefore does not appear 

to be adequately prepared for the complex needs of depressed patients. This situation high-

lights the urgent need for increased efforts to improve collaboration between GPs and mental 
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health specialists. Training for primary care physicians must be expanded and the availability 

of specialized services (e.g. psychotherapy) must be increased. Only through integrated care 

that addresses the individual needs of patients can the problem be countered.  

In order to strive for an improvement in one's own country, a wide variety of concepts 

should be examined to enable the practitioner to provide patient-oriented care. In the overall 

comparison of the studies presented, particular attention should be paid to the fact that every 

depression has an individual course. In addition, the age differences between patients must 

be taken into account, as the perception and weighting of depression can differ (Beesdo-Baum 

et al., 2017). In order to obtain an overall view, large samples of data on psychosocial factors 

should be collected in order to integrate these aspects. The measures recommended in the 

S3 guidelines, such as the use of screening questionnaires and flow charts or individual train-

ing courses on depression, appear to play a subordinate role in GP depression diagnostics to 

date (AWMF, 2022). 

 

5.3 Strengths and limitations 

It is a cross-sectional outpatient study in which information on the course of the disor-

der could not be considered retrospectively, or only to a limited extent. A follow-up by a lon-

gitudinal study is advisable to be able to depict the prospective course. Due to the time and 

administrative effort required for the study, practices were selected in the vicinity of the LMU 

University Hospital working and residential cities. The participating medical practices that 

have registered to take part in the study already show an intrinsic motivation for the topic. 

The motivation of the participants could have been influenced by the awarding of the trial 

vouchers. Due to the lack of specific laboratory parameters as a basis for the diagnosis of de-

pression, a detailed anamnesis and the use of diagnostic procedures as well as careful evalu-

ation of the results are required. A major limitation of this study is the fact that the sample of 

depressive patients is small. This can be seen, for example, in the lack of correlation between 

gender and the occurrence of depression. The result is not statistically significant in the re-

gression, despite a clear majority of depressed women in the sample. This indicates an inade-

quate sample size, which may not be sufficient to reliably recognize the differences between 

the genders. The lack of significance indicates that the observed distribution may have come 

about by chance and does not necessarily point to an actual correlation. A larger sample or 
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additional analyses may be required to be able to make clearer statements about the influ-

ence of gender on the development of depression. This also applies to age and relationship 

status. However, it is even more significant that unemployment, the number of inhabitants 

and discrimination at school showed significant results despite the smaller sample. It also re-

lates to loneliness and well-being, which are particularly important for future studies in ther-

apeutic settings.  Preventive measures based on psychosocial parameters could have an influ-

ence on reducing the incidence of depression in patients in general practice. This aspect could 

not be researched and was not included in the study. Not only the specific focus on psychoso-

cial factors, as presented in our work, is new in the GP setting, but also the statistical approach 

shows a new and innovative side of this work. Machine learning was added to classical statis-

tics to identify extended correlations and patterns. 

 

5.4 Outlook 

The studies from the literature are usually conducted using outdated questionnaires 

and methods and cannot be explicitly compared with today's measurement instruments. So-

cio-cultural aspects are not included enough; these should also be considered across the 

board and most studies do not imply this. It is also important to recognize that differences in 

mental health in relation to characteristics such as race, gender and ethnicity often stem from 

experiences of oppression or discrimination. A difficult component is to implement a focus on 

mental illness in GP practices. A calm setting in which the practitioner and patient can fully 

open is usually required for the enquiry into mental well-being. The time pressure and the 

large number of patients in GP surgeries usually do not allow this. 

Future studies should replicate our results in GP practices. In other words, large samples 

should be aimed for, a longitudinal research design should be chosen, and the use of machine 

learning methods should be included. This may lead to the improvement of diagnostic criteria 

for GPs based on simple screening tools. This could provide a new perspective on the diagnosis 

of depression and clarify early warning signs by including psychosocial parameters. Those af-

fected could thus receive more effective treatment and support. 
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