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Background: Treatment for depressive disorders often requires subsequent interventions.

Patients who do not respond to antidepressants have treatment-resistant depression (TRD). Pre-

dicting who will develop TRD may help healthcare providers make more effective treatment

decisions. We sought to identify factors that predict TRD in a real-world setting using claims

databases.

Methods: A retrospective cohort study was conducted in a US claims database of adult subjects

with newly diagnosed and treated depression with no mania, dementia, and psychosis. The index

date was the date of antidepressant dispensing. The outcome was TRD, defined as having at least

three distinct antidepressants or one antidepressant and one antipsychoticwithin 1 year after the

index date. Predictors were age, gender, medical conditions, medications, and procedures 1 year

before the index date.

Results:Of 230,801 included patients, 10.4% developed TRDwithin 1 year. TRD patients at base-

line were younger; 10.87%were between 18 and 19 years old versus 7.64% in the no-TRD group,

risk ratio (RR) = 1.42 (95% confidence interval [CI] 1.37–1.48). TRD patients were more likely to

have an anxiety disorder at baseline than non-TRD patients, RR = 1.38 (95% CI 1.35–1.14). At

3.68, fatigue had the highest RR (95% CI 3.18–4.25). TRD patients had substance use disorders,

psychiatric conditions, insomnia, and painmore often at baseline than non-TRD patients.

Conclusion: Ten percent of subjects newly diagnosed and treated for depression developed TRD

within a year. Theywere younger and sufferedmore frequently from fatigue, substance use disor-

ders, anxiety, psychiatric conditions, insomnia, and pain than non-TRD patients.
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1 INTRODUCTION

Major depressive disorder has been associated with substantial mor-

bidity, healthcare costs,mortality, and familyburden (Rushet al., 2006).

The National Comorbidity Survey and the National Health and Nutri-

tion Examination Survey estimated that 5–8% of the adult U.S. popula-

tionhasmajor depression (Blazer, Kessler,McGonagle, &Swartz, 1994;

Cepeda, Stang, &Makadia, 2016; Pratt & Brody, 2008).

No single treatment for depression is uniformly effective, and

subsequent interventions are often needed (Rush et al., 2006). When

more treatments are needed, higher relapse rates are expected (Rush

et al., 2006), and when a patient does not respond to antidepressant
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medications the patient is diagnosed as having treatment-resistant

depression (TRD). If one could predict whether a patient who is being

diagnosed with depression for the first time would develop TRD,

healthcare providers could monitor these patients more closely or

implement treatments in different ways (Gaynes, 2016).

Many clinical definitions of TRD exist (Berlim & Turecki, 2007;

Russell et al., 2004). The definitions range from not responding to a

single treatment to not responding to sequential treatments. Based

on the National Institute of Mental Health funded Sequenced Treat-

ment Alternatives to Relieve Depression (STAR*D) trial, resistance

to treatment increases markedly after the failure of two adequate

dose–duration treatments (Conway, George, & Sackeim, 2017).
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Implementing a definition of TRD in claims databases is difficult

because it requires the assessment of treatment response that is

not explicit in the database. In claims databases, changes in medica-

tions can occur because of adverse events, lack of effectiveness, or

disease remission (Fife et al., 2017; Kubitz, Mehra, Potluri, Garg, &

Cossrow, 2013).

Claimsdatabases allow researchers to studyhundredsof thousands

of subjects, a sample sizemany times larger than the traditional studies

(De Carlo, Calati, & Serretti, 2016; Kautzky et al., 2017; Souery et al.,

2007), and assess a much larger number of potential predictors com-

pared with the traditional studies (Simon & Perlis, 2010). A definition

of TRD to be used in claims databases has been created that avoids

the subjective decisions often involved in operationalizing it. This data-

driven definition was built using a decision tree approach and used as

a proxy for TRD in the presence of procedures such as electroconvul-

sive therapy. This definition states that a subject with pharmaceuti-

cally treated depression who has had ≥3 distinct antidepressants or

≥1 antipsychotic with an antidepressant in a year has TRD (Cepeda

et al., 2013). This rule discriminates well between subjects with and

withoutproxies forTRD, transports verywell toother claimsdatabases

even with different patient characteristics, and is superior (discrimi-

nates better) to more complex expert-based heuristic definitions cre-

ated to discern if an antidepressant is changed because of lack of effi-

cacy, lack of tolerability, inadequate dose, or duration (Cepeda et al.,

2013).

The aim of this studywas to identify factors that predict who devel-

ops TRD in a real-world setting.

2 MATERIALS AND METHODS

We designed a retrospective cohort study using the Truven Health

MarketScan R© Commercial Claims and Encounters Database (CCAE)

andwe used theOptumClinformatics R© ExtendedDataMart (Optum)

(OptumInsight, Eden Prairie, MN) database for validation.

CCAE is an administrative health claims database reflecting an

employedpopulation and their dependents. It captures person-specific

clinical utilization, expenditures, and enrollment across inpatient, out-

patient, and prescription drugs for 127million subjects.

The Optum database (OptumInsight's de-identified Clinformatic-

sTM Datamart, extended) is an administrative health claims database

for members who are fully insured in commercial plans or in admin-

istrative services only and commercial medicare. It includes data cap-

tured from administrative claims processed from inpatient and outpa-

tient medical services and prescriptions as dispensed.

The databases were converted to the Observational Medical Out-

comes Partnership (OMOP) common data model (CDM) (Stang et al.,

2010) One advantage of a standardized format and content is that the

same analytic code can be applied to any database in the CDM for-

mat (Voss et al., 2015). The standardization of the content is achieved

through the implementationof a standardvocabularywith source code

mapping. In the OMOP vocabulary, drugs and conditions are referred

to by concepts. The OMOP vocabulary provides relationships and

ancestry relationships between concepts and extensive mapping to a

variety of classification systems (Reich, Ryan, Stang, &Rocca, 2012), so

that drugs and conditions can be grouped at specific levels of a hier-

archy in a specific classification system. A series of standardized ana-

lytic tools have been developed against the OMOPCDMas part of the

Observational Health Data Sciences and Informatics (OHDSI) collabo-

rative (Hripcsak et al., 2015).

All medical conditions assessed in this study were defined using

SNOMED (Systematized Nomenclature of Medicine-Clinical Terms).

SNOMED is a standardized, multilingual vocabulary of clinical termi-

nology that is usedbyphysicians andotherhealthcareproviders for the

electronic exchange of clinical health information (Reich et al., 2012)

2.1 Target population

We included subjects who had pharmaceutically treated depression

from2000 to 2016. Subjects were required to (1) have a dispensing for

an antidepressant for the first time in the database, (2) have their pres-

ence in the database for at least a year before the index date, which is

the date of dispensing of the first antidepressant, (3) have received a

diagnosis for depression for the first time within 60 days of the index

date, and (4) be 18 years or older at the index date.

We excluded subjects with mania, dementia, and psychosis before

the index date. Supporting Information Appendix 1 has the SNOMED

concepts used to define depression, dementia, mania, and psychosis.

2.2 Analysis

The outcome of interest was a diagnosis of TRD within a year after

the index date. TRD was identified as the earliest date at which a sub-

ject had dispensing for one antidepressant and one antipsychotic or at

least three distinct antidepressants. This definition discriminates bet-

ter between subjects with and without TRD than definitions imple-

mented in claims databases that include dose and duration (Cepeda

et al., 2013). It is likely that the subjectivity involved in all the assump-

tions that need to be made in attempts to replicate the clinical defini-

tions in a claims database introduce noise, and just counting the num-

ber of antidepressants during a specific time period may be a more

accurate measure. The list of antidepressants and antipsychotics is

described in Supporting Information Appendix 2.

As predictors, we included age, gender, all medical conditions (e.g.,

codes for essential hypertension), condition eras (e.g., conditions that

are repeatedwithin 30 days of one another), all medications dispensed

(e.g., codes for specific diuretics), medication eras (e.g., drugs at the

ingredient level that are repeated within 30 days of one another), all

procedures (e.g., codes such as evaluation of cardiovascular function

with tilt table evaluation), measures (e.g., codes such as systolic blood

pressure at first encounter), and observations (e.g., normal blood pres-

sure reading documented) present 1 year before the index date. Figure

1 illustrates how the study was conducted.

To create and validate themodel, the CCAE databasewas randomly

split into a developing set (75%) used to determine the model coeffi-

cients or “learn”, and an internal validation set (25%) used to evaluate

howwell themodel performs on previously unseen data.
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F IGURE 1 Predicting treatment-resistant depression in subjects
newly diagnosed and treated for depression

Because of the large number of variables considered, we used lasso

regularized logistic regression models (Steyerberg, Eijkemans, Har-

rell, & Habbema, 2000; Suchard, Simpson, Zorych, Ryan, & Madigan,

2013; Tibshirani, 1996). Lasso regularized logistic regression limits

the number of variables included into the trained model by adding a

Laplace prior to the maximum likelihood that centers the coefficients

toward zero. The consequence is that the trained model only includes

variables that are highly predictive of the outcome. The lasso regres-

sion was trained using three-fold cross validation and an automated

search toward the optimal lambda (regularization) hyperparameter.

We calculated area under the curve (AUC) to assess the perfor-

mance of the predicting model. The AUC is a measure that quanti-

fies the ability of the model to discriminate between subjects with and

without the outcome (Hajian-Tilaki, 2013). The higher the AUC the

better the model discriminates between the subject with and without

TRD; an AUCof 0.50means the predictivemodel is no better than ran-

dom chance, while an AUC of 1.0 means the model can perfectly dis-

criminate cases from noncases.

To investigate whether interactions between variables could

improve performance, we also used tree-based methods (gradient

boostingmachine and random forest).

We used theOHDSI patient level prediction R package for the anal-

ysis. This enables the prediction model to be shared with anyone who

has data in the OMOPCDM format (Reps, Schuemie, Suchard, Ryan, &

Rijnbeek, 2017).

Since the model's ability to discriminate between subjects with and

without TRD was only modest, we reported only medical conditions

that weremore commonly observed in one group than in the other.

2.3 Risk factors for TRD

Todeterminewhichbaseline covariatesweremore common in theTRD

group comparedwith the no-TRDgroup,we calculated risk ratios (RRs)

for variables selected by the regularized regression. The RRs were cal-

culated by dividing the proportion of subjects with a specific medical

condition in the TRD group divided by the proportion of subjects with

that condition in the no-TRD group. Ratios larger than 1mean that the

condition is more common in the TRD group. We report 95% confi-

dence intervals (CIs).

2.4 External validation

For external validation of the model, we applied the model developed

in the CCAE database to another database, Optum.

3 RESULTS

Out of 127 million people, 370,322 had a dispensing of an antidepres-

sant with a year of prior observation in the database and 230,801 met

all the inclusion criteria andwere analyzed.

The mean age of the subjects was 36.97 and the majority (63%)

were women.

Ten percent (10.4%) of the subjects (24,037) developed TRDwithin

1 year after being newly diagnosed and treated for depression.

Themodel to predict TRDwithin1 year after being newly diagnosed

for depression included 69,755 variables. The finalmodel selected 344

predictors (Supporting Information Appendix 3). It had a modest dis-

criminatory ability. TheAUC in the training set (developing sample)was

0.68 and dropped to 0.66 in the test set (internal validation sample).

The decision tree models did not lead to any improvement in dis-

criminative performance. The AUC in the test set was 0.68 for the gra-

dient boostingmachine and 0.67 for the random forest.

3.1 Risk factors for TRD

In the TRD group, patients at baseline were younger. For example,

10.87% of subjects in the TRD group were between 18 to 19 years old

compared with 7.64% in the no-TRD group, RR = 1.42 (95% CI 1.37–

1.48). The proportion ofmenwas slightly higher in the TRD group than

in the no-TRD group, RR= 1.12 (95%CI 1.1–1.14) (Table 1).

Anxiety disorders at baseline were the most common comorbid-

ity observed, and these disorders were present more frequently in

patients with TRD, with an RR of 1.38 (95%CI 1.35–1.14) (Table 1).

Fatigue, although not as common as anxiety, was more frequently

observed at baseline in the TRD group than in the no-TRD group, and

had the highest RR among the identified risk factors, RR = 3.68 (95%

CI 3.18–4.25) (Table 1).

Patients with TRD had diagnoses of substance use disorders, psy-

chiatric conditions, insomnia, and pain more often at baseline than

patients who did not develop TRD (Table 1).

3.2 External validation

In the Optum database, 229,447 subjects met all the inclusion crite-

ria andwere analyzed. The results were similar to CCAE. The AUCwas

0.68 and 11.06%of the subjects (20,743) developed TRDwithin 1 year

after being newly diagnosed and treated for depression.

4 DISCUSSION

Ten percent of the subjects newly diagnosed and treated for depres-

sion developed TRD within a year. To predict TRD, we built a model

that included a large number of subjects and variables that included
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TABLE 1 Background characteristic in subjects with andwithout treatment-resistant depression

General conditions Specific condition
Prevalence in subjects
with TRDN= 24,037

Prevalence in subjects
withno TRDN= 206,764 Risk ratio

95%Confidence
interval

Demographics* Age group: 18–19 years 10.87% 7.64% 1.42 1.37–1.48

Age group: 20–24 years 18.55% 14.14% 1.31 1.28–1.35

Age group: 25–29 years 12.05% 9.85% 1.22 1.18–1.27

Age group: 30–34 years 13.18% 12.74% 1.03 1.0–1.07

Male 41.00% 36.53% 1.12 1.10–1.14

Fatigue Fatigue 1.07% 0.29% 3.68 3.18–4.25

Substance use disorders Opioid dependence 0.93% 0.29% 3.23 2.77–3.77

Drug abuse 0.97% 0.36% 2.66 2.30–3.09

Poisoning by CNS drug 0.58% 0.23% 2.54 2.11–3.07

Tobacco dependence syndrome 5.25% 4.24% 1.24 1.17–1.31

Anxiety Obsessive-compulsive disorders
and symptoms

0.96% 0.42% 2.30 1.99–2.66

Social phobia 0.87% 0.35% 2.53 2.17–2.94

Posttraumatic stress disorder 1.60% 0.75% 2.14 1.92–2.40

Panic disorder 2.74% 1.44% 1.91 1.76–2.08

Anxiety disorders and symptoms 30.70% 22.20% 1.38 1.35–1.41

Psychiatric disorders Eating disorders 0.73% 0.40% 1.81 1.54–2.13

Insomnia 9.32% 5.71% 1.63 1.57–1.71

Attention deficit disorder 2.55% 1.96% 1.30 1.20–1.42

Pain Pain of head and neck 14.03% 11.61% 1.21 1.17–1.25

Abdominal pain 13.07% 11.01% 1.19 1.15–1.23

Musculoskeletal pain 18.01% 15.58% 1.16 1.12–1.19

CNS, central nervous system; TRD, treatment-resistant depression.
*Only age groups associatedwith treatment-resistant depression are presented.

medical conditions, medications, measurements, and procedures that

were present a year before the first diagnosis and first treatment for

depression. The model's ability to discriminate between subjects with

and without TRD was only modest. Therefore, we concentrated on

assessing medical conditions that were more commonly observed in

one group than in the other. We found that subjects who developed

TRD were younger and more likely to suffer from fatigue, substance

use disorders, anxiety, other psychiatric conditions, insomnia, and pain

than subjects with no TRD.

History of fatigue in patients newly diagnosed with depression,

although uncommon, was the most discriminative factor; it was 3.6

timesmore common in subjectswith TRD. This is a new finding, but the

relevance of fatigue in depression is not new. Fatigue is not only fre-

quently reported in patients with depression (Targum & Fava, 2011),

but is also one of themost common residual symptoms in patients with

partially resolved depression (Marin & Menza, 2004). Fatigue is also

strongly associated with future depression (Addington, Gallo, Ford, &

Eaton, 2001;Marin &Menza, 2004).

Early onset of depression has been consistently identified as a risk

factor for TRD (Bennabi et al., 2015). In this study, we included newly

diagnosed subjects with depression and found that indeed subjects

who developed TRD were younger than those who did not develop

TRDwithin the year of observation.

Anxiety disorders are common in subjects with depression (Wu,

Erickson, Piette, & Balkrishnan, 2012), and have been identified as

a risk factor for not responding well to treatment (Al-Harbi, 2012;

Bennabi et al., 2015; Souery et al., 2007; van Looet al., 2014).We found

that subjects who developed TRD were more likely to have anxiety as

a symptom or a diagnosed anxiety disorder.

The STAR*D trial (Rush et al., 2009) found that subjects who

required more treatments, and therefore had higher levels of treat-

ment resistance, not only had more anxiety, but also were more likely

to have obsessive compulsive disorder than those without TRD. In

addition to those factors predicting TRD, we found that the TRD group

hadmore eating andattentiondeficit disorders at baseline than theno-

TRD group.

We also found that compared to the no-TRD group, subjects who

developed TRD had more pain diagnoses and insomnia at baseline or

within 1 year before the diagnosis and treatment of depression.

Population-based studies have shown that depression and insom-

nia are strongly correlated and that subjects with depression have

a shorter duration of sleep at night compared to those who are not

depressed (Cepeda, Stang, Blacketer, Kent, & Wittenberg, 2018; van

Mill, Vogelzangs, vanSomeren,Hoogendijk,&Penninx, 2014). The find-

ings of the present study suggest that subjects who developed TRD

were more symptomatic at baseline than those who did not develop

TRD; they hadmore anxiety and pain and could not sleep.

This study is basedon an administrative claimsdatabase,which con-

tains data intended to facilitate the healthcare financial reimburse-

ment process and is not meant for research purposes. Therefore,
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the reliability of the diagnosis of medical conditions could be lower

than that in a prospective study, and the capture of symptoms or

lifestyle behaviors is limited because this information is not needed for

reimbursement. The impact of these shortcomings is that the preva-

lence of the medical conditions we are reporting is underestimated

in both groups. For example, we know that opioid use disorders are

markedly underreported in claims databases (Cepeda, Fife, Kihm,Mas-

trogiovanni, & Yuan, 2016).

We aimed at predicting which patients would develop TRD when

they were diagnosed and treated for the first time, in order for health-

care providers to be able to act accordingly; however, the model had

limitedability todiscriminate.Onepotential explanation is thatwepre-

dicted TRD in subjects newly diagnosed and treated with depression.

Published prediction models for TRDwith better performance include

subjects with prevalent depression (Kautzky et al., 2017). Predicting

TRD in prevalent cases of depression is less challenging because these

patients will have more depressive episodes and more comorbidities,

which are risk factors for TRD. The downside of focusing on subjects

newly diagnosed and treated with depression is that the identified

predictors are generalizable only to that type of patient. Other rea-

sons that could explain the limited ability of the model to discriminate

between subjects with and without TRD are the inconsistent capture

of key variables and the lack of capture of variables that could be very

predictive, such as biological markers or genetic risk factors (Simon &

Perlis, 2010). For example, while healthcare databases, such as CCAE,

have claims for laboratory tests for inflammatorymarkers such C reac-

tive protein, which is higher in patients with depression (Cepeda et al.,

2016), only a subset of subjects have laboratory results. Elevated

inflammatorymarkers such asC reactive protein seem tobe associated

with a lower response to antidepressant treatment (Lanquillon, Krieg,

Bening-Abu-Shach, & Vedder, 2000). Socioeconomic factors have also

been identified as important risk factors for poor response to antide-

pressants (Jakubovski & Bloch, 2014), and CCAE does not capture

income.

The lack of consistency in data capture can lead tomisclassification,

making the subjects with and without TRD artificially similar, and pre-

cluding themodel fromdiscriminating between subjectswith andwith-

out TRD. It is believed that TRD represents a conglomerate of depres-

sive subtypes (Simon & Perlis, 2010); the coarse coding of depression

diagnoses in claims databases precludes the detection of such sub-

types, limiting the ability of a model to predict TRD. Nonetheless, this

analysis allowed us to detect potential factors that predict TRD, inde-

pendent of any assessment of causality.

5 CONCLUSION

In this large population-based study, we found that 10%of the subjects

newly diagnosed and treated for depression developed TRD within a

year. We found that subjects who developed TRD were younger and

suffered more frequently from fatigue, substance use disorders, anx-

iety, psychiatric conditions, insomnia, and pain than subjects with no

TRD. When a healthcare provider sees a patient, who is being diag-

nosed with depression for the first time, the presence of these char-

acteristics could alert her/him to the possibility that the patient could

develop TRD.
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