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Abstract 

Background  To discover pharmacotherapy prescription patterns and their statistical associations with outcomes 
through a clinical pathway inference framework applied to real-world data.

Methods  We apply machine learning steps in our framework using a 2006 to 2020 cohort of veterans with major 
depressive disorder (MDD). Outpatient antidepressant pharmacy fills, dispensed inpatient antidepressant medications, 
emergency department visits, self-harm, and all-cause mortality data were extracted from the Department of Veterans 
Affairs Corporate Data Warehouse.

Results  Our MDD cohort consisted of 252,179 individuals. During the study period there were 98,417 emergency 
department visits, 1,016 cases of self-harm, and 1,507 deaths from all causes. The top ten prescription patterns 
accounted for 69.3% of the data for individuals starting antidepressants at the fluoxetine equivalent of 20-39 mg. 
Additionally, we found associations between outcomes and dosage change.

Conclusions  For 252,179 Veterans who served in Iraq and Afghanistan with subsequent MDD noted in their elec-
tronic medical records, we documented and described the major pharmacotherapy prescription patterns imple-
mented by Veterans Health Administration providers. Ten patterns accounted for almost 70% of the data. Associa-
tions between antidepressant usage and outcomes in observational data may be confounded. The low numbers 
of adverse events, especially those associated with all-cause mortality, make our calculations imprecise. Furthermore, 
our outcomes are also indications for both disease and treatment. Despite these limitations, we demonstrate the use-
fulness of our framework in providing operational insight into clinical practice, and our results underscore the need 
for increased monitoring during critical points of treatment.
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Background
Depression is the single largest contributor to disability 
worldwide [1]. Major depressive disorder (MDD) is the 
most common form of depression [2]. Between 2010 
and 2019, the number of adults with at least one major 
depressive episode in the prior 12 months increased 
25.2%, from 15.5 million to 19.4 million [3, 4]. While 
the cost of prescription drugs has decreased over time, 
the direct costs incurred by those with MDD rose 2.8% 
between 2010 and 2018 with medical services costs grow-
ing 18.1% and suicide-related costs growing 22.8% [3].
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Veterans from Operation Enduring Freedom (OEF) 
and Operation Iraqi Freedom (OIF) have higher percent-
ages of major depressive episodes than non-veterans of 
the same age [5]. In response, the Department of Veter-
ans Affairs (VA) has decreased suicides, improved drug 
monitoring programs, and increased population cover-
age by expanding mental health resources and by focus-
ing existing resources on clinical practices that make the 
most difference [6–10]. Existing reports and dashboards 
at VA cannot support policymakers with enough detailed 
insight into the full array of patient-level clinical treat-
ment pathways to guide corrective action and resource 
provisioning efforts [11–16].

With the increasing availability of electronic health 
records (EHRs) and advances in data analytics, oppor-
tunities to build data-driven approaches to infer evi-
dence-based practice patterns have grown [17]. EHRs are 
patient-centric and real-time records, including treat-
ment history of patients, such as laboratory services, 
procedures, inpatient/outpatient medications, radiology, 
nuclear medicine services, and consultations [18], which 
can be used to obtain clinical insights and their evi-
dences. The effort to understand procedural patterns and 
optimize their performance is not unique to healthcare. 
In industry, process mining, a relatively young research 
discipline but already with notable achievements, auto-
matically identifies procedures used in an organization 
(e.g., manufacturing or financial) and compares them 
against proposed procedures, which enables optimiza-
tion with respect to given outcomes through iterative 
adjustments. When applied to healthcare, it has proven 
to find practice patterns as a collection of executions of 
healthcare processes, where each process is a sequence of 
clinical activities conducted to diagnose, treat, and evalu-
ate conditions [13, 19–21]. In fact, acquiring process 
models close to the real practice patterns and evaluating 
their efficacy using evidence in EHR helps identify bet-
ter treatment options, necessary collaboration between 
healthcare system and patients, and eventually redesign 
of the clinical pathway.

Despite its great potential, applying process mining to 
infer clinical pathways faces several issues. First, process 
mining assumes availability of structured data that con-
tains records and timestamps of events (or activities) so 
called an event log. This implies there should exist a set of 
well defined medical events, and all EHRs of the patients 
in the cohort are mapped to the events and arranged in 
the chronological order. However, to create such map-
pings, multiple professionals with a wide range of exper-
tise within healthcare domain should together extract 
appropriate data elements from EHR and associate them 
with well-defined clinical events. This is, however, not an 
easy task. Domain experts typically have limited views on 

the clinical pathways beyond their specialty. Moreover, 
EHR data are known to have missing, incorrect, impre-
cise, and irrelevant elements to apply processing mining 
[22]. There exist some works that try to automate this 
process. For example, a framework that generates an 
event log and feeds it to pMineR [23] to generate a pro-
cess model was introduced by [24]

This study presents a data-driven framework for pro-
viding explainable insights and the ability to find critical 
decision points in the treatment of MDD with antide-
pressants. We present results of the framework using 15 
years of pharmacy and administrative data on OEF/OIF 
veterans from VA’s Corporate Data Warehouse (CDW). 
Our approach uses state-of-the-art process mining tech-
niques to describe prescription patterns and sequential 
rule mining to evaluate complex treatment patterns. 
Additionally, we propose a novel preprocessing tech-
nique that abstracts pharmacy data into both a trace suit-
able for process mining and a sequence database suitable 
for sequential rule mining.

Methods
Our four-step framework takes pharmacy data and 
adverse events as input. 1) The preprocessing step nor-
malizes all drug dosages to their fluoxetine equivalents, 
applies median smoothing to the prescribed daily dose, 
and abstracts the data into clinical actions. 2) We col-
lect all the clinical actions for each depressive episode 
into a trace and apply agglomerative clustering to sub-
divide individuals based on their treatment pathway. 
Using these clusters, we formulate process inference as 
an optimization problem. 3) Additionally, we store the 
clinical actions for each depressive episode as a sequence 
database suitable for discovering statistically interesting 
rules correlated with adverse events. 4)We merge the dis-
covered process models and association rules into a sin-
gle process model. Figure 1 provides an overview of our 
framework.

Data sources and preprocessing
The CDW contains inpatient and outpatient pharmacy 
information for 12 million individuals aggregated from 
over 130 VA facilities across the United States. In this 
study, we used CDW data between January 1, 2006 and 
January 1, 2020 [25]. We created a cohort of veterans 
that were diagnosed with MDD and served during OEF 
or OIF. This cohort contains younger veterans that do 
not require the special considerations of geriatric popu-
lations. We considered a positive diagnosis of MDD as 
either one inpatient diagnosis or two outpatient diagno-
ses of an MDD ICD9 (296.20 – 296.26) or ICD10 code 
(F32.0 – F33.9). We used VA stop code 130 to determine 
emergency department visits, the self-directed violence 
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Fig. 1  This is an overview of Inference and Analysis Framework
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classification system for self-harm [see Additional file 1], 
and the date of death from the CDW for all-cause mor-
tality [26, 27].

We extracted pharmacy data for the most common 
antidepressants prescribed at the VA in both inpatient 
and outpatient settings, i.e., sertraline, citalopram, fluox-
etine, escitalopram, paroxetine, venlafaxine, duloxetine, 
trazodone, nefazone, and bupropion. These drugs com-
prise a majority of the antidepressant prescription fills 
for the MDD cohort. After extracting the data, the phar-
macy records were cleaned to ensure that dosage, days 
supply, and quantity were in acceptable ranges. We com-
puted histograms for each drug and variable removing 
any value that was an outlier for that drug. An outlier is 
defined as a value that occurs in <0.1% of fills for a given 
drug. After cleaning, the SMEs validated that the data 
ranges were appropriate for each drug.

We normalize all drug doses into their fluoxetine equiv-
alent so that we can compare prescription patterns across 
drugs. While there are several conversion algorithms, we 
chose a combination of two methods: those of Hayasaka 
et al. and the Defined Daily Dose (DDD) from the World 
Health Organization. Hayasaka et  al. use double-blind 
flexible dose trials to compute the optimal mean dose for 
each drug [28, 29]. On the other hand, the DDD is based 
on the drug’s product information sheet [30, 31]. Table 1 
presents the drug equivalents used in this study. We 
adopt the dose equivalencies from Hayasaka et al. where 
one exists and use the defined daily dose otherwise.

The next preprocessing step approximates the mil-
ligrams of antidepressants that are consumed each day. 
For a given prescription, we use the fluoxetine equivalent 
dosage, days supply and quantity to determine the pre-
scribed daily dose. Days with overlapping prescriptions 
are added together when a fill is released before the days 
supply of another prescription is over. Similar techniques 

are used in Coupland et al. [32, 33]. We call the resulting 
metric the normalized prescribed daily dose.

The normalized prescribed daily dose (PDD) can 
vary widely if a prescription is filled early or late. Gaps 
between prescriptions are treated as days with 0 mg 
PDD, and fills that are early are added on overlapping 
days. We smooth the PDD curve by binning and using 
the median filter with a sliding window. Binning is a 
common approach used in previous studies [32–34]. We 
binned average daily dose into five categories: <20mg, 
20-39mg, 40-59mg, 60-80mg, and >80mg. The size of 
the sliding window is calculated on a per person basis. 
We calculated the average days supply of all prescrip-
tions filled by an individual. Note that we only consider 
the fills of drugs listed in Table 1 in this calculation. After 
obtaining an individual’s PDD and sliding window size, 
we apply the median function to smooth each data point 
on the curve.

Finally, we transformed each smoothed curve into a 
sequence of actions suitable for pathway inference. The 
action space mirrors actions from the Texas Medica-
tion Algorithms Project [35]. Our action space N is start 
drug, increase dose, decrease dose, and continue at the 
current dosage. The start drug event occurs at the begin-
ning of an episode when a drug is first started or the first 
prescription fill after 180+ consecutive days of no fills. 
This technique is also used to preprocess inputs to the 
REACH VET medication adherence algorithm [36]. The 
increase and decrease dose action corresponds to change 
from one bin to another with higher or lower dosage, 
respectively. The continue at current dose action specifies 
a duration of time over which the dosage stays constant.

Trace clustering
Antidepressant prescription patterns will vary based on 
the guidelines or algorithms being followed by the pre-
scriber. There are a variety of MDD guidelines and algo-
rithms available that can differ in significant ways [37]. 
For example, there is disagreement on the second and 
third-line medications for MDD [2, 38, 39]. Some guide-
lines suggest changing class while others suggest the use 
of tricyclic antidepressants. This variety in recommenda-
tions from guidelines leads to a multiplicity of guideline 
compliant prescription patterns.

Trace clustering is an effective technique to divide 
large complex logs into coherent groups that share simi-
lar characteristics [40]. Many approaches build process 
models and cluster the process models or cluster indi-
vidual traces directly. Current approaches work directly 
with traces and represent each trace as a vector that can 
be easily clustered [41–44]. We prefer to represent each 
trace t as a matrix Tnxn where n is the cardinality of action 
space N and Tij = 1 if action nj directly follows action ni 

Table 1  For each drug in the study, this table provides 
equivalent milligrams between drugs

Drug Defined daily 
dose

Hayasaka et al. 
(2015)

Current study

Sertraline 50.0 49.3 49.3

Citalopram 20.0 - 20.0

Fluoxetine 20.0 20.0 20.0

Escitalopram 10.0 9.0 9.0

Paroxetine 20.0 17.0 17.0

Venlafaxine 100.0 74.7 74.7

Duloxetine 60.0 - 60.0

Trazodone 300.0 200.7 200.7

Nefazodone 400.0 267.6 267.6

Bupropion 300.0 174.25 174.25
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in t. We use the Frobenius norm to calculate the distance 
�A− B�F between each pair of matrices, A and B. Then 
we use agglomerative hierarchical clustering to cluster 
similar traces [40].

Process inference
The collection of all actions for a single medication epi-
sode is a trace. The collection of all traces across the 
entire cohort is called an event log. Given an event log, 
we wanted to find the process model PsM with bounded 
complexity that performs best under a given metric. 
A PsM is defined by a set of nodes and edges such that 
PsM = (N ,E) where |E| is fixed. For n ∈ N  , n is an action 
from the event log. For a given edge (ni, nj) ∈ E , the edge 
denotes that ni occurs directly before nj in the PsM.

The replayability game scores each PsM based on a 
given replayability function R over a given log L. The 
replayability score of an individual trace σ ∈ L using PsM 
is R(PsM, σ) . Prodel et  al. introduces eight replayability 
functions with varying properties [45]. The R function 
gives the percentage of events replayed with a penalty for 
skipping events. The R function is defined as

where L(PsM, σ) denotes the cardinality of the longest 
subsequence of trace σ that can be replayed using Psm, α 
is a constant, and δ is a binary indicator variable activated 
when an event is skipped. The R score is then averaged 
across all traces in the event log.

We used a heuristic algorithm to search for a PsM that 
scored highest with respect to the R function. We utilized 
a Python implementation of Tabu Search where the local 
moves are based on edge frequency. The tabu list is first-
in first-out with a fixed size of 20. This methodology has 
been shown to navigate the search space well and outper-
form existing methodologies when modelling the com-
plex processes often seen in medical data [45].

Sequential rule mining
Sequential Rule Mining is a data mining technique used 
to extract sequential patterns from a sequence database. 
A sequential rule has the form X ⇒ Y  . The rule X ⇒ Y  
is read if a sequence of events X occurs then another 
sequence of events Y is likely to occur. Two definitions 
for sequential rule mining exist, and we adopt the same 
definition of sequential rules as Fournier-Viger et al. [46–
48]. Formally, there is a set of sequences S = {s1, s2, ..., sn} 
and a set of items I = {i1, i2, ..., im} . A sequence si is an 
ordered list of itemsets si = {I1, I2, ..., It} . For two unor-
dered itemsets X ,Y ⊆ I , a sequential rule states that if 

(1)R(PsM, σ) =
L(Psm, σ)

n
− αδ(PsM, σ)

+

the items of X occur in a sequence, then the items in Y 
will occur afterward in the same sequence.

We use different statistical measures to assess the inter-
estingness of the sequential association rules. For each 
sequential association rule X ⇒ Y  we capture support, 
confidence, and odds ratio. Support is defined as P(X, Y). 
Confidence is defined as P(Y|X). Since adverse events 
happen with very small frequency, support and confi-
dence do not describe the sequential rules well. To rem-
edy this problem, we also report the odds ratio as

previously defined in Tan et  al. [49]. A high odds ratio 
metric denotes that a sequence containing X is more 
likely to have Y than sequences without X.

Merge rules with clinical context
The sequential rules themselves do not provide enough 
context around mined associations. For example, an 
association that happens frequently after months of 
treatment is different than one found at the very begin-
ning of treatment. This step uses a bow-tie analysis where 
we consider events within a specific time frame of a rule 
of interest to generate enough clinical context to under-
stand the association rule [14].

First, we create a log with the traces associated with 
a sequential rule of interest. We truncate each trace 
to only consider events within a uniform amount of 
time of the adverse event. Using the time filtered log, 
we perform process inference. We visualize the clinical 
context using a custom pathway visualization tool on 
our Github page [50].

Results
The OEF/OIF MDD cohort has 457,697 individuals with 
an average age of 41.7 years. We found antidepressants 
in VA pharmacy records for 252,179 out of the 457,697 
individuals from the OEF/OIF MDD cohort (55%). We 
applied our data preprocessing methodology and cre-
ated 288,344 antidepressant medication traces excluding 
any trace starting within 6 months of the data cutoff date 
of January 1, 2020. During treatment with antidepres-
sants there are 98,417 cases of emergency department 
visits, 3,928 cases of self-harm, and 1,507 deaths from all 
causes. Table 2 provides a summary of the data.

Trace clustering and process inference
After trace clustering and process inference, we had 3,607 
different clusters each with their own process model. We 
achieved an average R score of 0.891 across all traces.

(2)OR =
P(X ,Y )P(X ,Y )

P(X ,Y )P(X ,Y )
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The process models from the 10 largest clusters in 
each bin completely replay 69.3% of all traces which we 
present in Fig.  2 (top 10 process models for traces that 
start at 20-39mg). These 10 process models completely 
replay 90,297 of the 130,207 traces. Figure  2 provides a 
visualization of each process model along with the num-
ber of traces completely replayed on the process model. 
The images are sorted in descending order based on the 
number of traces that can be completely replayed. For 
example, Fig.  2a shows the most common prescription 
pattern. Figure 2a shows that the normalized prescribed 
daily dose stays in the 20-39mg dose range for 4 or more 
months with some discontinuing at a lower dose or stay-
ing on the lower dose long-term.

Sequential rule mining
We created sequences by dividing up the smoothed pre-
scribed daily dose curve into two-week increments. We 
choose two week increments by looking at the distribu-
tion of the amount of time from start or dosage change 
to adverse event and two weeks was a good cut-off point. 
Additionally, this enables us to compare our results with 
existing literature that suggests adverse drug reactions 
occur within the first two weeks after dosage change 
[51]. Then we inserted the first adverse event into each 
sequence. We considered emergency department visits, 
documented self-harm, and all-cause mortality. After 
mining sequential association rules using window size of 

1, 2, and 3, we kept rules with support greater than 10 
and an odds ratio greater than 2.0.

Table 3 presents the top 10 sequential association rules 
for emergency department visits and self-harm. Length 
one rules were mined using a window size of 1, and 
length two rules were mined with window size of 2. There 
were no rules that met the support and odds ratio thresh-
olds. Each section is sorted by increasing odds ratio. 
There were no significant length two rules found for self-
harm and all-cause mortality. Note that these association 
metrics do not claim that there is a casual relationship 
between outcome and treatment.

Merge rules with clinical context
Figure  3 shows the clinical context for the sequential 
association rule (80+ mg for 0-2 weeks⇒self-harm). This 
rule is interesting because it shows the recent history of 
individuals on a high dose of antidepressants (OR=3.70). 
The confidence metric for this rule shows 0.03% of indi-
viduals (n=17) that go above 80mg (n=56,716) have their 
first documented occurrence of self-harm within 0-2 
weeks after increasing dosage.

Discussion
We demonstrated that it is possible to describe a major-
ity of antidepressant prescription patterns with a small 
number of process models. That is, 10 models accounted 
for almost 70% of prescription patterns. Furthermore, 
we derive new insights into critical points during MDD 
treatment. These insights can help inform drug monitor-
ing efforts and suicidal behavior risk.

We found that 55.0% of the entire OEF/OIF MDD 
cohort took SSRIs or SNRIs at some point during their 
depressive episode. This is in line with national trends 
[52]. Most traces start initial dosing at either <20 mg 
(n=76,925) or 20-39 mg (n=130,207). The number of 
people at a suboptimal dose is much higher than the 
national average or 16% reported by Lou et al. Even after 
conducting a separate analysis using the FDA therapeu-
tic dose definitions, the number of individuals starting at 
suboptimal doses remains high.

The replayability score of 0.891 shows that the discov-
ered process models are able to replay more than 89% of 
the trace data. Our models were unable to incorporate 
low frequency events such as drastic dosage changes of 
+60mg or -60 mg. While we can include those transi-
tions in the process models, the models are less interpret-
able and tend to look more like spaghetti. Therefore, we 
choose to restrict the number of edges in each process 
model in favor of more interpretable results with lower 
replayability scores.

Figure  2a-d account for a majority of the people that 
starts at 20-39mg. The most frequent prescription 

Table 2  This is a summary table that includes the total number 
of traces, outcomes, and demographics

Outcomes

Total Traces 288,344

ED Visits 98,417

Self-Harm 1,016

All-cause Mortality 1,507

Characteristic

Race

White non-Hispanic 274,879

Black non-Hispanic 84,233

Hispanic 57,529

Other 41,056

Gender

Female 388,006

Male 69,691

Priority Group

1 233,682

2 37,545

3 35,064

≥4 151,869
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pattern is for people to stay in the 20-39mg range for 
more than 4 months. Figure 2b shows individuals discon-
tinuing treatment in <2 months (n=11,924) or between 
2-4 months (n=11,251). Figure  2c and  d show almost 
equal numbers of people going up to the 40-59mg range 
for 4 or more months. Figure 2c spends <4 months at the 
20-39mg range whereas Fig. 2d spends 4 or more months 

at 20-39mg. Figure 2c and h show a fast titration schedule 
going to higher doses of antidepressants with continued 
treatment for 4 or more months at the highest dosage. 
Figure 2d, i and j show a slow titration schedule that can 
happen over 4 or more months.

The treatment patterns for those individuals that start 
at higher doses are more varied than those that start at 

Fig. 2  This figure shows the top 10 process models that start at 20-39mg. The value in each box represents the percentage of people whose 
treatment stopped with this activity. The thickness of arrows is a normalized edge weight with edge frequency divided by n 
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lower doses. The top 10 process models in the 20-39mg 
bin replay 69.3% of traces that start at 20-39mg. In con-
trast, the top 10 models in the 40-59mg range and 
60-80mg range only replay 55.9% of traces and 50.5% of 
traces respectively.

The rules from Table 3 do not infer causation between 
treatment and outcome, but instead the rules capture 
the temporal order that events happen together. While 
Table  3 shows many rules occur in the first four weeks 
after starting treatment or a dosage change, we speculate 

that prescribers notice that treatment isn’t working, and 
they are trying to adjust the dosage. We also note that 
there is a possibility of capturing adverse drug reactions 
as well. Stübner et  al. report that 93% of the suicidal 
adverse events from the European drug surveillance pro-
gram occur within the first weeks of starting antidepres-
sant medication or increasing dose [51].

Emergency department visits were the most frequent 
adverse events. The top four rules in this category all 
occur within the first two weeks of starting treatment or 

Table 3  This provides sequential association rule metrics for associations between time duration, dosage, and outcomes

Outcome Rule X ⇒Y Conf. Supp. Supp(X) Crude OR

Emergency Dept. Visit

40-59mg 2-4 weeks 0.015 2,438 158,871 2.26

<20mg 2-4 weeks 0.015 1,731 109,011 2.33

80+mg 0-2 weeks 0.016 939 56,714 2.42

20-39mg 2-4 weeks 0.017 3,188 191,807 2.46

20-39mg 4-6 weeks 0.017 2,863 170,754 2.48

<20mg 4-6 weeks 0.018 1,666 91,833 2.67

60-80mg 0-2 weeks 0.019 1,796 95,595 2.77

<20mg 0-2 weeks 0.020 2,262 114,732 2.92

40-59mg 0-2 weeks 0.021 3,441 164,099 3.13

20-39mg 0-2 weeks 0.021 4,144 198,259 3.14

Length Two Associations

20-39mg 4-6 weeks and 60-80mg 0-2 weeks 0.021 36 1,742 2.11

<20mg 2-4 weeks and 40-59mg 0-2 weeks 0.022 31 1,390 2.28

20-39mg 2-4 weeks and 60-80mg 0-2 weeks 0.025 33 1,339 2.52

Self-Harm

<20mg 4-6 weeks <0.0005 <20 91,833 2.28

60-80mg 8-10 weeks <0.0005 <20 74,958 2.79

40-59mg 2-4 weeks 0.0002 31 158,871 2.97

60-80mg 2-4 weeks 0.0002 20 91,618 3.06

80+mg 0-2 weeks <0.0005 <20 56,714 3.70

80+mg 8-10 weeks <0.0005 <20 45,015 3.72

80+mg 2-4 weeks <0.0005 <20 54,856 3.83

40-59mg 0-2 weeks 0.0003 51 164,083 4.47

80+mg 4-6 weeks <0.0005 <20 51,995 4.86

60-80mg 0-2 weeks 0.0004 37 95,595 5.52

All-cause Mortality

60-80mg 6-8 weeks 0.0003 20 79,250 2.37

80+mg 2-4 weeks <0.0005 <20 54,856 2.39

60-80mg 4-6 weeks 0.0003 22 85,658 2.42

80+mg 0-2 weeks <0.0005 <20 56,714 2.48

40-59mg 0-2 weeks 0.0003 44 164,083 2.55

60-80mg 2-4 weeks 0.0003 26 91,618 2.68

80+mg 10-12 weeks <0.0005 <20 41,889 2.69

80+mg 4-6 weeks <0.0005 <20 51,995 2.71

<20mg 0-2 weeks 0.0003 37 114,732 3.06

60-80mg 0-2 weeks 0.0004 34 95,595 3.37
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changing doses. There are only two rules identifying an 
association beyond 4 weeks. Interestingly, the length two 
associations all involve an increase in dose greater than 
20mg. The self-harm outcomes has many of the same 
rules as emergency department visits. The top five rules 
all occur in the first two weeks after starting treatment or 
changing dose. Two rules occur after 4 weeks. The length 
two associations all occur in the first two weeks after a 
dosage change at high milligrams. Death from all causes 
is the lowest frequency outcome in the study with 1,507 
deaths or approximately 0.6% of the cohort. The sup-
port for the top 10 rules sums to 15.8% of total number 
of deaths.

The sequential association rules must also be viewed 
in their clinical context. Figure 3 shows the clinical con-
text for self-harm that happens within the first two weeks 
after going above 80mg. The rule is read as within 0-2 
weeks after going above 80mg the first documented care 
of self-harm happens with OR=3.70. The average amount 
of time until the first documented self-harm event is 
72.3 weeks. 11.75% of the traces that the rule applies to 
start at 80+ mg and within 2 weeks have a documented 
self-harm event. The other 76.5% were on a lower dose 
and increased to 80+ mg. For those that did not start at 
80+mg, they either came from the 40-59mg range or the 
60-80mg range. These results underscore the need for 
careful monitoring during these time periods.

This study has some limitations. First, observational 
data has sources of both biases and confounders. Indi-
cation bias is one large source of error. Indication bias 
arises because the outcomes of the study are indications 
of MDD and side-effects of treatment. Furthermore, we 
do not account for severity of depression or individuals 
with pre-existing conditions related to our outcomes. 

Next, the actual consumption of antidepressants is differ-
ent than the prescribed daily dose. Consequently, we are 
unable to account for individuals that stock-pile medica-
tions and use them later.

Due to the limitations with our approach and data, we 
do not see this approach as a way to inform or influence 
clinical practice. We present this approach as a docu-
mentation and data exploration step that can provide a 
basis for further efforts into medication management. 
Additionally, there is potential to use the results from this 
framework in medication monitoring efforts.

Conclusion
This study presented a data-driven framework for infer-
ring pharmacotherapy treatment patterns and showcases 
a proof-of-concept study on pharmacotherapy pre-
scription patterns used to treat MDD. Using pharmacy 
records for 252,179 individuals from an OEF/OIF cohort 
with MDD we documented and described the major 
pharmacotherapy prescription patterns implemented in 
the VA. We. We also added three outcomes to enable an 
association study between outcomes, drug dosage and 
treatment duration. We presented sequential association 
rules that link drug dosage and duration with outcomes. 
Then we presented a method for placing each rule in 
their clinical context for further investigation. Our results 
underscore the need for increased monitoring at certain 
points in pharmacotherapy treatment of MDD.

Our initial findings show that this is a promising 
approach for inferring and analyzing prescription pat-
terns. We do not claim any causal relationship for our 
association rules. Future work is needed to perform a 
causal analysis between medication prescription patterns 
and outcomes.

Fig. 3  This image shows the clinical context for the sequential association rule (80+ mg 0-2 weeks⇒self-harm). The activities (boxes) are colored 
by dosage. The adverse event is highlighted in red. The thickness of each arrow represents the normalized edge frequency
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