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Abstract 

The importance of methodology when conducting high-quality health behavior research cannot be overstated.  

Electronic Health Records (EHR) allow researchers to conduct unprecedented large-scale studies. However, careful 

consideration must be given to how to define patient cohorts, specifically when utilizing EHR for examining patients 

with depression.  Because depression has been linked to increased morbidity and mortality in many disease groups 

and leads to higher health care utilization, better methods for identifying patients with depression must be developed 

in order to rigorously study the impact of depression on these outcomes.  Identifying patients using only ICD9 codes 

for depression may result in inclusion of clinically depressed patients in comparison groups. Thus, more nuanced 

electronic phenotypes may better delineate patients that are receiving treatment for depression. We demonstrate the 

utility of a new method involving multiple depression phenotypes on a 10.75-year cohort from an integrated health 

system (n=287,281). Here we recommend a novel and easily adaptable method of categorizing patients. In this method, 

four groups are identified using ICD-9 codes and medication orders from an EHR which have varying levels of 

depression likelihood and severity: Dep ICD9, Rx no ICD9, Rx non-dep, and No Dep.  We then measure a variety of 

EHR-based features including utilization patterns, medication orders, comorbidities, mortality data and symptom 

assessment scores to establish convergent validity of these groups.  This superior and simple method allows for large 

scale studies of depressed patients, while accounting for the limitations associated with using specific electronic 

phenotypes for analysis of data from the EHR. 
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1 Introduction 

Electronic Health Records (EHR) allow researchers to conduct unprecedented, large scale studies. As a result, 

researchers using EHR data have an increased need for algorithms that correctly identify patient populations.  These 

algorithms have been successfully created and disseminated in many patient populations[1–3],. However, among 

studies that have developed algorithms in specific disease groups, there is often notable heterogeneity with poor 

validity, justification, and description for future use[4]. In addition, there are some phenotypes that are more difficult 

to identify based on their characterization in the EHR[5]. Thus, the creation of algorithms defining specific patient 

cohorts in the EHR should be driven by sound theoretical justification and assessed for validity prior to 

dissemination[6].   

 

Depression is a particularly difficult phenotype to define and studies often use heterogeneous criteria when utilizing 

EHR variables to identify patients with depression[7–12].  Many studies use only ICD-9 codes related to depression 

to identify patients[12, 13], while some researchers either have access to validated depression instrument scores or 

can include self-report depression symptom questionnaires[7–9] in their study design such as the Hamilton Depression 

Rating Scale[14], and the widely used Patient Health Questionnaire[15]. Following the United States Preventative 

Services Task Force (USPSTF) recommendation that all adults over the age of 18 should be screened for depression 

annually, many healthcare systems are starting to implement depression screening[16]; however, implementation has 

been fairly recent, is not standardized, and how this information is recorded in the EHR is variable. It is important to 

note that researchers have identified inconsistencies when examining ICD-9 code identification and other 

indicators[10, 11] such as PHQ9 scores or antidepressant medication orders. 

 

Depression accounts for $43 billion in medical costs annually and is one of the leading causes of disability[17].  

Depression has been linked to worse disease outcomes and increased healthcare utilization in many different disease 

groups including asthma[18], cardiac disease[19], rheumatoid arthritis[20], chronic kidney disease[21], and 

diabetes[22] among others, necessitating careful consideration.  Using rigid inclusion definitions to identify depressed 

patients may exclude those with clinical features that are receiving treatment but do not meet these definitions. 

Traditional use of only ICD-9 codes to identify depressed patients[12, 13] may be flawed for many reasons including 

patient or provider bias against recording depression codes, systematic administrative data sequestration protocols, 

and possible inclusion of subclinical or undiagnosed depression in comparison groups. In addition, there are a variety 

of ICD-9 codes[23] that could be used by researchers to define depression and choices made by researchers about 

which codes are chosen for a particular study should be data driven and relevant to the particular cohort sought.  For 

depression alone there are 17 possible ICD-9 codes that could be flagged[23].  

 

Examination of antidepressant medication orders may help clarify depressive phenotypes, however, using only 

antidepressant medication would also result in incomplete identification of patients[24]. Practice guidelines provide 

detailed recommendations for the assessment and treatment of depression including psychopharmacology and other 

psychosocial interventions[25].  However, in clinical settings, antidepressant medication is frequently given without 

formal assessment or diagnosis[26], and severity is often unknown[27].  Though there are some off-label uses of 

antidepressants (e.g., tricyclic antidepressants for pain and aminoketone antidepressants for smoking cessation)[28], 

they are arguably fairly easy to discern and remove from cohorts[28, 29].  Thus, researchers may benefit from utilizing 

antidepressant orders, in addition to ICD-9 codes, to better identify patient groups.  Because depression has been 

linked to increased morbidity and mortality in many disease groups and leads to higher health care utilization[18–22], 

better methods for identifying patients with depression must be developed in order to rigorously study the impact of 

depression on these outcomes.  

 

Standardized methods allow for comparisons to be made across studies and better synthesis of research in a particular 

area. Our approach aimed to develop a methodology to generate electronic phenotypes that would limit the exclusion 

of clinically relevant patients from a cohort with rigid inclusion criteria, and avoid diluting control comparison groups 

with those potentially undiagnosed with depression but receiving treatment for related symptoms. The current study 

demonstrates the utility of using multiple depression phenotypes on a 10.75-year cohort from an integrated health 

system. In our method, depressed patients are identified by ICD-9 diagnosis and a control group is identified by 

excluding patients with antidepressant medication orders.  Those with one or more antidepressant medications are 

grouped into two categories based on recent antidepressant orders and off-label diagnosis codes during encounters in 

which an antidepressant was ordered.  We aim to investigate the outcomes of those that fall into each group and 

observe patterns of healthcare utilization and other EHR based features.  We hypothesize that using this multiple 

depression phenotypes method of defining cohorts will reveal clinically important differences in certain outcome 
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variables, supporting the need for careful and consistent definitions of depressed patients and comparison groups for 

large studies involving administrative data.   

 

2 Methods  

2.1 Data acquisition, analysis, and graphing.  This is a retrospective observational study using de-identified Electronic 

Health Records (EHR) of a general patient population.  The study included health care encounter data between January 

1st, 2005 and September 30th, 2015 (10.75 years) for patients seen in the Geisinger Health System, an integrated 

health care system located primarily in central Pennsylvania. This is a stable patient population whose EHRs have 

been collected in a central data warehouse and are available for clinical and research purposes, described previously 

elsewhere[30–33].  Patients 18 years or older at the beginning of the study (January 1st, 2005), who had a Geisinger 

Primary Care Physician (PCP) at any point during the study period, and had at least one outpatient visit within the 

system were included in the cohort (n=287,281) (Table 1).  Demographic information, medication order histories, and 

details of outpatient, Emergency Department (ED), and inpatient encounters were pulled from a central data warehouse 

and de-identified by an approved data broker in the Geisinger Phenomics and Clinical Data Analytics Core under the 

oversight of the Geisinger Internal Review Board as non-human subjects research.  Analysis and graphing were 

conducted with R (2017, R Core Team, Vienna, Austria), Rstudio (Boston, MA), and GraphPad Prism 6 (La Jolla, 

CA). 

 

 
Characteristics Total Dep ICD9 Comparison Rx no ICD9 Rx non-dep No Dep 

 
 287281 % 59097 % 228184 % 32126 % 31029 % 165029 % 

Sex 
Male 131159 45.7 18497 31.3 112662 49.4 11373 35.4 12790 41.2 88499 53.6 

Female 156088 54.3 40591 68.7 115497 50.6 20753 64.6 18235 58.8 76509 46.4 

Race 

White 275199 95.8 57753 97.7 217446 95.3 31459 97.9 30126 97.1 155861 94.4 

Black 7221 2.5 969 1.6 6353 2.8 428 1.3 602 1.9 5222 3.2 

Asian 2294 0.8 141 0.2 2153 0.9 95 0.3 121 0.4 1937 1.2 

Native 1393 0.5 141 0.2 1252 0.5 93 0.3 108 0.3 1051 0.6 

Other 1174 0.4 93 0.2 1081 0.5 51 0.2 72 0.2 958 0.6 

Marital 

Status 

Married 171941 59.9 30555 51.7 141386 62.0 19654 61.2 18081 58.3 103651 62.8 

Single 58545 20.4 11470 19.4 47075 20.6 5550 17.3 6234 20.1 35291 21.4 

Widowed 26607 9.3 7103 12.0 19504 8.5 3303 10.3 2959 9.5 13242 8.0 

Divorced 24691 8.6 8008 13.6 16683 7.3 3005 9.4 3079 9.9 10599 6.4 

Other 156 0.1 19 0.0 137 0.1 5 0.0 10 0.0 122 0.1 

Age at 

Beginning 

of Study 

18-30 60099 20.9 11463 19.4 48636 21.3 6640 20.7 6426 20.7 35570 21.6 

31-45 85041 29.6 18071 30.6 66970 29.3 9950 31.0 9756 31.4 47264 28.6 

46-65 98734 34.4 21012 35.6 77722 34.1 10424 32.4 10196 32.9 57102 34.6 

66+ 34180 11.9 6569 11.1 27611 12.1 3970 12.4 3598 11.6 20043 12.1 

Length of 

Observation 

1 year or less 37974 13.2 3473 5.9 34501 15.1 831 2.6 3291 10.6 30379 18.4 

1-4 years 64132 22.3 10319 17.5 53813 23.6 5865 18.3 5886 19.0 42062 25.5 

4-7 years 42814 14.9 8631 14.6 34183 15.0 5028 15.7 4529 14.6 24626 14.9 

7-10.75 years 142361 49.6 36674 62.1 105687 46.3 20402 63.5 17323 55.8 67962 41.2 

Table 1.  Summary statistics of total population and depression phenotypes  

 

2.2 Multiple depression phenotypes logic.  Using domain knowledge of depression clinical care, we designed a method 

of partitioning patients into four clinically relevant groups as they relate to depression.  While a purely empirical 

methodology using feature selection and multivariate regression models may be worth developing, we argue that 

evaluating every possible feature and integrating them into a cohesive singular model is not necessary for many studies 

aiming to investigate depression using administrative clinical EHRs.  In addition, EHRs can vary tremendously in the 

amount and type of data captured on each patient.  Advanced modeling may be appropriate and useful in some 

situations while not in others.  Those that have highly transient populations, data exclusively from primary, secondary, 
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or tertiary care, or EHRs that have only recently begun to capture patient data in a minable fashion would benefit from 

a simple but verified strategy for categorizing patients based on depression to allow for portability and generalizability.   

 

First, for group “Dep ICD9”, we define those that most clearly meet the criteria of depression if specific ICD-9 codes 

for depression are in their EHR in the following ways: 1) once or more in an ED or Inpatient discharge diagnosis; or 

on their problem list record; or 2) two or more times within a 2-year period as an outpatient discharge diagnosis (Fig 

1B).  Only one discharge diagnosis is required in ED and inpatient settings and on the problem list because the clinical 

threshold of assigning these diagnoses is higher than in an outpatient setting as reported by system physicians.  In an 

outpatient setting, spurious diagnoses of depression are more likely and thus we required two relatively close diagnoses 

within a two-year period to avoid categorizing those with transient depressive symptoms or misdiagnosed adjustment 

disorder as depressed.  We chose to include the following 17 ICD-9 codes for this study: 296.20, 296.21, 296.22, 

296.23, 296.24, 296.25, 296.26, 296.30, 296.31, 296.32, 296.33, 296.34, 296.35, 296.36, 296.82, 301.12, 311.  We 

did not include any 300, 309, or 648.4 codes for anxiety, adjustment disorder, or mental disorders complicating 

pregnancy, respectively, although some of these codes specify depressed mood.  These codes may be selected or 

excluded per the specific purpose and interest of each study.  For example, those interested in studying exclusively 

severe depression likely meeting DSM criteria for Major Depressive Disorder would want to exclude 301.12 and 311.  

Second, for group “Rx no ICD9”, we define those that are most likely to be recently receiving treatment for depression 

or related symptoms as those who have received two or more antidepressant medication orders within the study period, 

here defined as January 1st, 2005 through September 30th, 2015.  However, this excludes those that are in group “Rx 

non-dep”, defined as having one or fewer medication orders for antidepressants during the study period or if they have 

had two or more, then the discharge diagnosis codes during such encounters include codes for common uses not 

necessarily related to depression.  Here we define those ICD-9 codes as 305.1 or 356, tobacco use disorder[34] or 

hereditary and idiopathic neuropathy[35], respectively.  While tobacco use disorder is associated with depression and 

other serious mental illnesses, we believe that association alone is not a strong enough reason to include these patients 

as likely receiving antidepressants for treatment of depression symptoms. However, because of the possibility of 

comorbidity and other social factors, it is reasonable to exclude these individuals from the clearly non-depressed 

group.  Finally, group “No Dep” is defined as those least likely to have depression or depression symptoms and do 

not meet the inclusion criteria of group “Dep ICD9” and have never received an antidepressant medication order.  This 

multiple depression phenotype method contrasts with traditional methods comparing those in the “Dep ICD9” group 

to a simple “Comparison” group diluting the clearly non-depressed patients with those who have received 

antidepressant medications (Fig 1A).    

 

2.3 Utilization patterns.  To visualize the general trends of each group’s health care utilization, the age at each visit 

was calculated for each patient, excluding those of age 91 and older (for de-identification purposes, those that reached 

age 90 during the study period had their date of birth masked and ages could not be calculated).  We then calculated 

the number of visits in the outpatient, ED, and inpatient setting at each age and standardized this by the total number 

of patients from that group, resulting in the visit frequency (Fig 2).  Patients that were seen multiple times at a given 

age will thus contribute more than once to the numerator of this visit frequency.  We used a dynamic open cohort 

study design, meaning that patients may have entered or left the health system at any time during the study period.  

This allows us to take a more naturalistic view of a patient population from the health care system service area 

perspective, however it is then impossible to know when exactly patients are entering or leaving the system, preventing 

us from standardizing these visits by the known number of patients at each age contributing to the total number of 

patients at risk of being seen in each setting.   

 

2.4 Convergent validation.  We sought to evaluate the validity of our multiple depression phenotypes method by 

analyzing several metrics available in our data set that we expect to be significantly different between groups.  

Pharmacologically, there are certain prescriptions that would be expected to be prescribed at higher rates to those with 

depression than those without.  Depressed patients tend to be prescribed antipsychotics to augment their antidepressant 

medication.  Anxiety is also a well-known highly comorbid condition in depression and thus many depressed patients 

would be expected to be prescribed antianxiety agents.  We used medication order history to determine the percent of 

patients in each group that had ever received an antipsychotic or an antianxiety agent (Fig 3A).  With severe mental 

illness, it is common that patients are first diagnosed with and treated for depression before receiving a diagnosis for 

disorders such as bipolar disorder and schizophrenia.  We used the discharge diagnosis codes from outpatient, ED, 

and inpatient encounter records to calculate the percent of patients in each group that had ever received an ICD-9 code 

for bipolar disorder or schizophrenia (Fig 3B).  Depressed patients are known to have higher rates of suicidality and 

higher mortality than non-depressed patients.  We used the discharge diagnosis codes from outpatient, ED, and 
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inpatient encounter records and determined the percent of patients in each group that had ICD-9 codes for suicides 

and suicide attempts (Fig 3C).  We used the date of death to determine the percent of patients from each group that 

had a record of death in their EHR (Fig 3D).  Substance abuse has also been associated with depression.  We used the 

discharge diagnosis codes from outpatient, ED, and inpatient encounter records and determined the percent of patients 

in each group that had ICD-9 codes for alcohol and drug abuse or dependence (Fig 3E).  Other studies have shown 

that depressed patients tend to have more serious comorbidities than non-depressed patients[36].  The Charlson 

Comorbidity Index (CCI) contains 19 categories of serious comorbidities and predicts the 10-year mortality of 

patients[37].  Using the discharge diagnoses from outpatient, ED, and inpatient encounter records during the study 

period, we calculated the CCI score for each patient and then the mean CCI score for each phenotype group (Fig 3F). 

In 2012, Geisinger Health System began implementing universal screening for depression with the Patient Health 

Questionnaire 2 (PHQ2).  Upon affirming either of the two screener questions, patients are asked an additional 7 

questions (PHQ9).  The PHQ9 is a validated instrument for assessing current depression symptom severity and has a 

tiered rating scale based on total score (0: no depression, 1-9: mild, 10-14: moderate, 15-19: moderately severe, 20+: 

severe).  For all those that had one or more PHQ2 or PHQ9 data in their EHR, we identified their maximum score and 

determined the percent of patients that received PHQ2 or PHQ9s in each group for each score (Fig 4).   

 

3 Results 

Here we present and validate a method for defining depression cohorts based on ICD-9 codes and medication orders 

which involves the identification of multiple depression phenotypes.  Through convergent validity of EHR based 

outcomes and features, we show that this method clearly demonstrates superiority to a simple ICD-9 code based 

definition of depression and a comparison group that does not take antidepressant medication orders into account.    

 

3.1 Multiple depression phenotypes: definition and summary statistics.  There are many possible ways to define 

depression cohorts.  A common method is to use a strict ICD-9 code based algorithm to define those with depression 

and use the remaining individuals that do not meet that criteria as a comparison control group.  Applying this standard 

methodology (Fig 1A) to the 287,281-person patient population described here results in 20.6% (n=59,097) of the 

population meeting the definition of depression before or during the study period.  A major critique of then comparing 

 
 

Fig. 1 Methodological designs using either (A) binary depression phenotype or (B) multiple depression 

phenotypes; Dep ICD9: blue, Comparison: orange, Rx no ICD9: red, Rx non-dep: yellow, No Dep: green 
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this group to a simple comparison group that do not meet that definition is that an additional 22% (n=63,155) of the 

total patient population have received at least one antidepressant order.  This results in a “control” population that 

potentially has been diluted by patients with subclinical or undiagnosed depression which is likely to affect 

conclusions drawn from subsequent analyses.  We then developed a method in which we identify multiple depression 

phenotypes that results in a total of four ordinal groups, varying in likelihood and severity of depression, named: “Dep 

ICD9”, “Rx no ICD9”, “Rx non-dep”, and “No Dep” (Fig 1B).  Of the total patient population, each group accounts 

for 20.6%, 11.2%, 10.8%, and 57.4%, respectively.   

 
 

Fig. 2 Utilization patters based on (A, B and C) binary depression phenotypes or (D, E, and F) multiple 

depression phenotypes.  (A and D) Outpatient visit frequency versus age at visit; (B and E) Emergency 

Department visit frequency versus age at visit; (C and F) Inpatient visit frequency versus age at visit; Dep ICD9: 

blue, Comparison: orange, Rx no ICD9: red, Rx non-dep: yellow, No Dep: green 
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Summary statistics on patient sex, race, marital status, age at beginning of the study and length of known observation 

are shown for the total patient population and all possible groups described above in Fig. 1 (Table 1).  The general 

patient population is 54.3% female, 95.8% white, 59.9% married, median age 45, and median known length of 

observation is just less than 7 years.  There are expected as well as potentially confounding differences between the 

various groups.  It is well known that depression occurs more commonly in females than males, which is reflected by 

the ratio in each group: Dep ICD9 (2.2:1), Rx no ICD9 (1.8:1), Rx non-dep (1.4:1), and No Dep (0.9:1).  The 

Comparison group has a ratio of 1:1, which confirms the masking of higher ratios seen when Rx no ICD9 and Rx non-

dep phenotypes are extracted.  The Dep ICD9 group is the only group that has a large difference in marital status of 

married (51.7%) when compared with the No Dep (62.8%) and lesser depression phenotypes Rx no ICD9 (61.2%) 

and Rx non-dep (58.3%).  Age at the beginning of the study does not differ dramatically between phenotype groups, 

however length of observation does.  Because length of observation differs dramatically in the ratio of patients in each 

group between those seen 1 year or less to those seen 7 or more years, this measure should be calculated and accounted 

for when performing analyses using this method.  The ratios for the multiple depression phenotypes are as follows: 

Dep ICD9 (10.5:1), Rx no ICD9 (24.4:1), Rx non-dep (5.3:1), and No Dep (2.2:1).  The ratio for the comparison group 

is 3.1:1, which completely masks the very large difference we see in the Rx no ICD9 group, which by definition of 

having two or more antidepressant orders during the study period increases the likelihood that they have been seen 

more times over a longer period.  Similarly, part of the definition of Dep ICD9 requires two or more outpatient ICD-

9 codes during a 2-year period and thus many who meet that definition will inherently have been seen more than once, 

increasing the likelihood that they were seen for a longer period of time.   

 

3.2 Healthcare system utilization patterns differ based on depression phenotypes.  Next, we calculated the age of each 

patient at each outpatient, ED, and inpatient visit and calculated the visit frequency standardized by the total number 

of patients in each group.  The dynamic open cohort design of this particular study allows for a system service area 

perspective of a patient population, however based on the assumptions and study objectives, others may impose 

alternative inclusion criteria in order to be able to calculate person years and conduct more traditional epidemiological 

studies.  Here we make the imperfect assumption that all patients contribute to the entire 10.75-year period to 

demonstrate the general trends of healthcare system utilization patterns in these three settings and compare the simple 

binary method of depression cohort definition (Fig 1A) with the multiple depression phenotype method (Fig 1B).  

Outpatient visit utilization (Fig 2A and D) demonstrates the most striking differences between the groups Dep ICD9, 

Rx no ICD9, Rx non-dep, and No Dep.  A clear but minor delineation between outpatient visit frequency exists 

between ages 25 through 75 for Dep ICD9 and Rx no ICD9, but that difference diminishes at age 75 and above.  This 

distinction of populations and their utilization patters would be completely obscured by including them in the simple 

Comparison group.  In addition, the clear distinction between the Rx non-dep and No Dep group through the majority 

of ages suggests that this is also a sufficiently different, higher utilizing population than the No Dep group.  For ED 

visit frequency (Fig 2 B and E) and inpatient visit frequency (Fig 2C and F), we see greater differences between the 

Dep ICD9 and Rx no ICD9/Rx non-dep groupings.  For ED visit frequency, Rx no ICD9 and Rx non-dep are 

indistinguishable from one another, falling at approximately half the visit frequency of Dep ICD9 until around age 65.  

However, Rx no ICD9 and Rx non-dep are almost twice as high as the No Dep group between ages 18 through 55.  

The lowest over all visit frequency for all three types of utilization, as expected, is inpatient utilization.  While the 

Dep ICD9 group clearly has much higher visit frequency than any of the other groups until after the age of 75, the Rx 

no ICD9 group, similar to the outpatient setting, gradually increases and reaches the same frequency as the Dep ICD9 

group in these later years.  The Rx non-dep group has a minor but clear intermediate visit frequency between Rx no 

ICD9 and No Dep, both of which are lost when they are included in one Comparison group.  The peak at age 30 in all 

groups is due to women during pregnancy (gendered data not shown).  These results demonstrate the utility of using 

multiple depression phenotypes to define patient cohorts and highlight a few ages and settings in which this 

methodology would improve study designs by providing a cleaner control group.   

 

3.3 Convergent validity of medication orders, comorbidities, mortality, and symptom severity.  Finally, we analyzed 

several EHR-based features that would be expected to differ between groups if they were truly creating ordinal 

categorizations of multiple depression phenotypes.  The percent of patients in each group that ever received an 

antipsychotic (28.8, 16.8, 12.6, 5.2) or antianxiety agent (23.0, 17.6, 13.3, 5.4) decreases from Dep ICD9 to No Dep 

as expected (Fig 3A).  The percentage of patients from each group that received at least one bipolar ICD-9 diagnosis 

code decreased substantially between the Dep ICD9 group (5.7) and the Rx no ICD9 and Rx non-dep groups (3.0 and 

2.6, respectively) (Fig 3B).  As expected, all of these were much higher than the No Dep group (.6).  Schizophrenia 

diagnosis codes were much lower percentages but were indeed higher in the Dep ICD9, Rx no ICD9, and Rx non-dep 

groups (0.7, 0.5, 0.5, respectively), compared with the No Dep group (0.2).  Almost all suicide ICD-9 codes were  
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Fig. 3 Convergent Validity of multiple depression phenotypes showing differences in percentage of patients per 

group in (A) prescriptions (Rx) related to depression, (B) diagnoses (Dx) related to depression, (C) suicide codes, 

(D) mortality, (E) substance abuse or dependence codes, and (F) mean Charlson Comorbidity Index (CCI) scores; 

Dep ICD9: blue, Rx no ICD9: red, Rx non-dep: yellow, No Dep: green 
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found in the records of patients in the Dep ICD9 group (n=1063; 1.8%), while the Rx no ICD9 and Rx non-dep groups 

each had less than a quarter of a percent of patients with suicide codes (Fig 3C).  This is consistent with the literature 

associating suicidality with severe depression.  Related to both suicidality and associated worse outcomes in those 

with depression, we also see differences between each group and the percentage of patients with a date of death.  

Percent mortality was 10.7, 9.4, 8.8, and 6.5, respective to groups Dep ICD9, Rx no ICD9, Rx non-dep, and No Dep 

(Fig 3D).  Substance abuse and dependence, here defined as any drug or alcohol excluding tobacco, is also highly 

associated with depression and is highest in Dep ICD9 with 9.1% of patients having at least one code during the study 

period (Fig 3E).  Rx no ICD9 has slightly fewer patients with such codes (4.1%) when compared to Rx non-dep 

(4.8%), but this is not terribly surprising as one of the main criteria for group Rx non-dep was that they were prescribed 

antidepressants during visits with an ICD-9 code of 503.1, tobacco use disorder and it is common for patients to have 

more than one type of substance use disorder.  The No Dep group, in contrast had only 1.9% of patients with substance 

use disorder codes.  Also, consistent with other literature, we find that mean Charlson Comorbidity Index scores are 

higher depending on depression severity group (Fig 3F).  Dep ICD9, Rx no ICD9, Rx non-dep, and No Dep groups 

had mean scores and standard error of 1.88±0.01, 1.66±0.01, 1.44±0.01, and 1.09±0.005, respectively.   

 

A subset of the study population has been administered the validated depression tool the Patient Health Questionnaire 

(PHQ), either the 2-question or 9-question version.  Some patients had been assessed more than once and so we 

identified the maximum score in their EHR and calculated the percent of patients having received at least one PHQ2/9 

for each group with a maximum score of each possible score (Fig 4).  Interestingly, patients in Dep ICD9 were the 

least likely to have been screened (32.1%; n=18961), followed by those in Rx no ICD9 (32.3%; n=10367), Rx non-

dep (38.4%; n=11922), and finally No Dep (44.2%; n=72909).  This may be due to the fact that patients with overt 

symptoms of depression are not being routinely screened with tools designed to detect depression but are not 

diagnostic and instead are given more thorough depression inventories and diagnostic assessments.  Despite the higher 

proportion of patients in the No Dep group receiving the PHQ9, most them scored a maximum of 0, indicating no 

depression (78.2%), and only 2.6% scored 10 or higher, indicating moderate, moderately severe, or severe depression.  

Those in the Rx non-dep and Rx no ICD9 groups were remarkably similar at all possible scores, only deviating from 

each other by 0.01% to 4.65%, with 59.6% and 55.0% having a score of zero and 10.1% and 10.8% having scores of 

10 or more.  This is in great contrast to the Dep ICD9 group which had 37.7% of patients with a maximum score of 0 

and nearly a quarter (24.7%) of patients with a maximum score of 10 or above.   

 

4 Discussion  

4.1 Outcomes.  When we examine healthcare system utilization outcomes including ED, inpatient, and outpatient 

visits, our method of defining multiple depression phenotypes shows clear differences in those who are classified with 

depression (Dep ICD9) compared to those who do not have depression (No Dep).  We also see a separation between 

Rx no ICD9 (those who likely have depression based on multiple antidepressant medication orders for depression 

associated reasons) and Rx non-dep (those who have a single antidepressant medication order or have clear discharge 

diagnosis indicating a likely off-label use), particularly when looking at outpatient visit frequency.  Thus, the patients 

we have identified as likely depressed based on medication use do utilize outpatient services differently than those 

without depression (No Dep) and those with antidepressant medications likely given for off-label reasons (Rx non-

dep).  Furthermore, because there are differences between Dep ICD9 and Rx no ICD9 groups based on utilization and 

other outcome measures, it is possible that Dep ICD9 is identifying a more severe depressed patient cohort group 

compared to Rx no ICD9.  Physicians may be more likely to give ICD-9 diagnosis codes to patients that have more 

severe symptoms compared to patients given antidepressants but not a diagnosis code. Interestingly, there is a pattern 

that emerged when examining these outcomes at different ages.  Later in life, the two groups that identify those with 

depression (Dep ICD9 and Rx no ICD9) follow a similar pattern in utilization.  This indicates that for older patients, 

multiple medication orders and ICD-9 diagnosis identify patients that are likely depressed and engaging in similar 

frequency of inpatient visits compared to those without steady medication use or non-depressed individuals.  
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Particularly striking is the difference between the standard Comparison group (Fig 1A) and No Dep (Fig 1B: the 

control group in the multiple depression phenotypes method) when comparing outcomes.  The outcomes in the control 

group change when you separate those who have medication orders into another group.  This is important to consider 

when defining patient groups and why the multiple depression phenotype method we are proposing is a better method 

to use if controls without depression are the targeted comparison group.  These data show that the Comparison group 

had higher utilization compared to No Dep, likely due to those with depression being included in the control group.  

In addition, the outcomes between Dep ICD9 and the Comparison group in older cohorts is practically identical, 

particularly in inpatient visits by age 70.  When you compare this to the multiple depression phenotype method it is 

clear that Rx no ICD9 (patients on antidepressants) may be contributing to the apparently similar utilization rates in 

these two groups. By not removing those with antidepressant medication orders from the control group, the results 

may be obscuring the truth.  We argue these data show that it is important to use the multiple depression phenotypes 

method when researchers are aiming to examine the impact depression has on EHR outcomes.  By failing to remove 

those with antidepressant medication orders from a control group, researchers may come to the wrong conclusions, 

and at a minimum, the impact depression has may be masked by imprecise phenotyping. 

 

4.2 Convergent validity.  When examining this methodology, it is important to determine convergent validity to 

examine whether groups are identified appropriately.  We have used multiple measures to do this and as reported 

earlier, outcomes are clearly different between those with clear depression and the controls.  Furthermore, as discussed 

above, pulling out those with antidepressant medication orders (Rx no ICD9 and Rx non-dep) lowers control group 

utilization, supporting our methods.  In addition, psychotropic medication use is higher in those with clear depression 

versus controls and removing those with medication orders reduces control group psychotropic medication use further.  

While there are differences in psychotropic medication orders between Rx no ICD9 and Rx non-dep, these differences 

are not as large.  There does not seem to be a large difference in Schizophrenia diagnosis, but Dep ICD9 and No Dep 

groups differ dramatically for bipolar disorder diagnosis.  This confirms that Dep ICD9 is likely identifying a more 

severely depressed cohort; those with bipolar disorder often are identified as depressed first and present to healthcare 

settings during depressive episodes[38].   

 
Fig. 4 Symptom severity of multiple depression phenotypes as measured by percentage of patients per group 

administered at least one Patient Health Questionnaire 2 or 9 with each possible maximum score; Dep ICD9: blue, 

Rx no ICD9: red, Rx non-dep: yellow, No Dep: green 
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When looking at suicide codes in the EHR, there are clear differences between Dep ICD9 and the other groups.  

Patients with only medication orders or in the No Dep group have very few suicide attempts.  These results may also 

confirm that those in Dep ICD9 are likely experiencing more severe depression.  There are differences in mortality, 

particularly between the Dep ICD9 and No Dep groups and it is important to keep in mind the sample size; changes 

in percentage scores by group indicate large numbers of patients, which is striking when considering how depression 

may impact mortality.  Additionally, there tend to be more comorbidities in those with depression.  Finally, when 

examining PHQ9 maximum score we see clear differences between Dep ICD9, those with antidepressants only, and 

No Dep groups, confirming that the multiple depression phenotype method is identifying distinctly different groups 

and that it may be better to remove those with medication orders from the Comparison group.  These results also 

confirm that those with ICD-9 diagnoses are likely experiencing more severe depression compared to those with only 

medication orders.  These results combined show good convergent validity, confirming that we have likely identified 

patient cohorts with varying levels of depression severity correctly using this method. 

 

4.3 Limitations and future directions.  While the size of the population in this study and access to variables allows us 

to perform in depth analysis using a variety of methods on a large clinical sample, there are several limitations to keep 

in mind. The sample was mostly made up of white patients from rural communities from central Pennsylvania, limiting 

the generalizability of our findings. In addition, there are other healthcare systems in the service area and these data 

are likely not capturing all utilization by patients, even though patients were limited to include those with a Geisinger 

Primary Care Physician.  Claims data may provide more detailed information about healthcare utilization.  As noted 

above, defining patient cohorts is difficult and based on indicators in the EHR, there is no way for us to know how 

diagnoses were reached, severity of patients, and whether those with antidepressant medication orders are truly 

meeting criteria for a depressive disorder.  While our methods do indicate that our control group likely contains a 

cohort relatively free from those with severe depression, it is possible that this group still contains patients with 

depression that has not been identified by the healthcare system.  Presentation bias due to extreme symptoms and/or 

social stigma may prevent those with severe depression from seeking medical care.  Universal depression screening 

that has been implemented more recently (and used in this study when possible for convergent validity) will likely 

better identify patients with depression and in future research, identifying depressed patient cohorts should take this 

data into consideration if it is available for use.  Using our methodology in future studies will help determine its 

usefulness for the field, can add further nuance and clarity in defining this patient cohort, and can help us understand 

the impact depression has on the healthcare system and on patient outcomes to better address these issues.   

 

4.5 Conclusions.  These methodology and results have implications for defining depressed cohorts and assessing 

outcomes in the EHR. The multiple depression phenotypes methodology we are recommending is useful for 

researchers who want to examine depressed patient outcomes compared to clean control populations.  For researches 

who want to look at nuanced differences and take depression severity into account, it appears that the multiple 

depression phenotypes method is identifying different groups between those with just medication orders and those 

with an ICD-9 diagnosis, with one big difference being that those with an ICD-9 diagnosis are likely more severe and 

have worse outcomes. There seem to be some differences between those with two antidepressant medication orders 

versus those with only one antidepressant medication order or off label use, though this is not seen in all outcomes.  

Thus, depending on the research question, it may be prudent to separate Rx no ICD9 and Rx non-dep (or exclude Rx 

non-dep) while in other cases it may be fine combining those groups.  Researchers can use this multiple depression 

phenotype method in a few different ways: comparing Dep ICD9 and No Dep for those with clear depression versus 

clean controls, or a more nuanced method comparing Dep ICD9, Rx no ICD9, Rx non-dep, and No Dep.  We argue 

that a version of the multiple depression phenotype method is superior to the method often used identifying those with 

ICD-9 codes and a default control Comparison group.  The multiple depression phenotype method allows researchers 

to use the combination of groups that makes the most sense for their targeted outcomes.  Lastly, this method is easy 

for researchers to use, clearly defined, shows good convergent validity, and would work with many EHR systems, so 

long as they contain linked ICD codes and medication orders for individual patients.  Preliminary analyses show worse 

outcomes in patients with depression, underscoring the need for continued research on patients with depression using 

clear, validated methodology.  
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