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Abstract
To derive a method of identifying use of evidence-based psychotherapy (EBP) for post-traumatic stress disorder (PTSD), 
we used clinical note text from national Veterans Health Administration (VHA) medical records. Using natural language 
processing, we developed machine-learning algorithms to classify note text on a large scale in an observational study of 
Iraq and Afghanistan veterans with PTSD and one post-deployment psychotherapy visit by 8/5/15 (N = 255,968). PTSD 
visits were linked to 8.1 million psychotherapy notes. Annotators labeled 3467 randomly-selected psychotherapy notes 
(kappa = 0.88) to indicate receipt of EBP. We met our performance targets of overall classification accuracy (0.92); 20.2% of 
veterans received ≥ one session of EBP over the study period. Our method can assist with identifying EBP use and studying 
EBP-associated outcomes in routine clinical practice.

Keywords Posttraumatic stress disorder · Natural language processing · Evidence-based medicine · Health services 
utilization · Psychotherapy

Introduction

The US Veterans Health Administration (VHA) has imple-
mented multiple effective treatments for posttraumatic stress 
disorder (PTSD), including two specific psychotherapy 

protocols, cognitive processing therapy (CPT) and pro-
longed exposure (PE; Karlin et al. 2010). Cognitive pro-
cessing therapy is comprised of 12 weekly 60-min sessions 
of cognitive therapy, where veterans address maladaptive 
thoughts associated with their worst traumatic event. Cog-
nitive processing therapy can be administered either in an 
individual therapy format or a group format (Resick et al. 
2015, 2017). Prolonged exposure consists of 9–12 weekly 
90-min sessions of trauma-associated imaginal and in-vivo 
exposures. It is administered in an individual therapy format, 
although trials are underway to examine administration in a 
group format (e.g., Smith et al. 2015). Research trials of CPT 
and PE have resulted in statistically significant and clinically 
meaningful improvement in veterans’ PTSD symptoms (e.g. 
Haagen et al. 2015; Monson et al. 2006; Schnurr and Lun-
ney 2015; Schnurr et al. 2007; Voelkel et al. 2015). The 
VHA Uniform Mental Health Services Package mandated 
the availability of these treatments in VHA clinics beginning 
in 2008 (Kussman 2008), and they have been implemented 
in many settings (Chard et al. 2010; Tuerk et al. 2011; Rosen 
et al. 2016, 2017; Yoder et al. 2012). Studies on a local or 
regional level have estimated that approximately 6–13% of 
VHA patients with PTSD receive PE or CPT (Lu et al. 2016; 
Mott et al. 2014; Shiner et al. 2013).
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Given the high prevalence of PTSD among VHA patients 
(e.g. Seal et al. 2007), as well as the resources invested in 
training providers nationwide, being able to identify use of evi-
dence-based psychotherapies for PTSD on a national level is 
important. First, it allows an understanding of implementation 
patterns, including barriers to and facilitators of use. Second, 
it facilitates evaluation of whether patients improve in natu-
ralistic settings (outside of research trials) and which patients 
improve most when receiving these treatments. Third, it allows 
us to better understand dropout rates and associated factors. 
Consequently, we need accurate measures of the use of these 
psychotherapies. While administrative data elucidate whether 
a patient received psychotherapy, they do not contain infor-
mation about specific treatments utilized, including whether 
CPT or PE were administered. While CPT was implemented 
in 2006 and PE in 2007, templated notes for these treatments 
were not implemented until 2015 and are still inconsistently 
used (Shiner et al. in press). Subsequently, the VHA has not 
been able to study whether these treatments have been sys-
tematically implemented and whether they are effective on a 
larger scale.

Although manual review of treatment notes at a regional 
or national level would be challenging and labor-intensive, 
automated coding of note text using natural language process-
ing (NLP) is one method that can efficiently deliver important 
information from large and unstructured data (Meystre et al. 
2008). Shiner et al. (2012, 2013) were able to use NLP meth-
ods to better understand the percentage of veterans with newly 
diagnosed PTSD who received CPT or PE within six sites in 
the New England VHA region. In this study, our goal was to 
extend Shiner and colleagues’ work by applying automated 
coding to a large national pool of mental health treatment 
notes in order to identify use of CPT and PE. Shiner et al.’s 
work was limited to a regional evaluation and the tool they 
used (the Automated Retrieval Console, or ARC; D’Avolio 
et al. 2010) ran processes in series rather than in parallel, so 
it could not be reasonably scaled up for national, longitudinal 
work. Another significant difference is that this work allows us 
to identify evidence-based psychotherapys (EBPs) delivered 
in both group and individual formats. Group CPT is reported 
to have spread rapidly in the VA and being able to identify 
group CPT will allow us to detect patterns of implementation. 
We hypothesized that automated coding using NLP would be 
able to detect and discriminate between note text describing 
evidence-based protocols for PTSD and other psychotherapy.

Method

Participants

We retrospectively identified 255,968 veterans of the wars in 
Iraq and Afghanistan who had at least two post-deployment 

encounters (inpatient and/or outpatient) with a PTSD diag-
nosis (ICD-9 309.81), and at least one post-deployment 
clinic visit with a psychotherapy procedure code (see list of 
procedure codes in Appendix 1) at one of 130 VHA facilities 
from October 2001 to August 2015. Next, all psychotherapy 
clinic visits for these patients were identified and linked to 
clinical notes. We excluded 3085 (1.19%) patients who did 
not have any notes associated with their psychotherapy pro-
cedure coded visits. Our text corpus consisted of a total of 
8,168,330 clinical notes associated with psychotherapy visits 
for 255,933 patients across outpatient and inpatient settings.

Natural Language Processing Method

We created an NLP system to analyze narrative text of 
the psychotherapy notes to determine the type of psycho-
therapy that the documents describe. The system was built 
using Leo packages that extend the Unstructured Informa-
tion Management Architecture Asynchronous Scaleout 
(UIMAAS) framework (Ferrucci and Lally 2004; Cornia 
et al. 2014). The system utilized LIBSVM implementation 
of a support-vector machine (SVM) algorithm (Chang and 
Lin 2011). LIBSVM is a library for support vector classifi-
cation and regression. SVM is a supervised algorithm that 
requires a set of training examples to develop a machine 
learning model. The SVM algorithm was chosen because 
it is a robust machine learning algorithm that is appropriate 
for large sparse feature sets and is generally accepted to be 
the most accurate for imbalanced sets. In addition, apply-
ing SVM algorithm is fast, which is essential when working 
with large datasets (Baharudin et al. 2010). We performed 
manual annotation of psychotherapy notes in order to cre-
ate a reference document set for training and validating the 
NLP system.

Annotation of a Reference Standard

The goal of manual annotation was to review each note in 
the selected set and assign a label that reflects the type and 
format of psychotherapy that the clinical note described. We 
used the following eight labels: (1) CPT individual, (2) CPT 
group, (3) PE individual, (4) PE group, (5) other individual 
psychotherapy, (6) other group psychotherapy, (7) other fam-
ily or couples’ psychotherapy, and (8) not psychotherapy.

Two practicing VHA clinicians who are trained in and 
provide evidence-based psychotherapies at the VHA (i.e., 
one staff psychologist, K.B., and one psychology postdoc-
toral fellow, L.A.G.), and two professional clinical chart 
annotators performed multiple rounds of annotation. The 
psychology and professional clinical chart annotation team 
collaborated to iteratively create annotation guidelines 
describing the code definitions (see Appendix 3 for exam-
ple). All four annotators completed the first two rounds 
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of annotation on the same document set to evaluate inter-
annotator agreement. Once an acceptable level of agreement 
(kappa ≥ 0.8) was achieved, the professional clinical chart 
annotators reviewed additional documents. The documents 
were labeled using annotation tools on a centralized virtual 
workspace provided by the VA Informatics and Computing 
Infrastructure (VINCI).

The main challenge with selecting documents for anno-
tation for our project was the large differences between the 
prevalence of each type of therapy in our large body of 
national clinical notes. Machine learning classifiers do not 
perform well if the training set is highly imbalanced. One 
of the approaches to creating the most accurate model is to 
oversample classes with low prevalence (Batuwita and Pal-
ade 2013). However, we had no formal way of performing 
document selection to oversample for relevant documents. 
Thus, we utilized an iterative approach to perform a series of 
steps multiple times: (1) using random stratified selection of 
documents from the complete unlabeled set; (2) annotation 
of the selected documents; (3) training a preliminary SVM 
classifier model using the annotated set; and (4) applying the 
newly trained preliminary model on the full dataset. In each 
iteration of this method, we used stratification either simply 
by location code within VA (total number of locations is 
130), or using additional stratification by labels assigned by 
the latest trained SVM model. The goal of each iteration was 
to arrive at a balanced document set where each document 
type is evenly represented. In addition to random stratified 
selection, we performed targeted selection of documents 
that indicated unusual situations, such as a patient having 
both PE and CPT sessions on the same day, which is highly 
unlikely.

All preliminary training of SVM models was performed 
without manual feature selection. Once the last annotation 
iteration was completed and a balanced document set was 
identified, the full annotated document set was split into 
training and testing sets, and only after that the training set 
was manually reviewed to guide creation of the feature set 
for the final NLP system.

NLP System Development

The final annotated set of 3467 clinical documents was 
randomly split into a two-thirds training set (N = 2960) 
and a one-third (N = 1507) validation set. There were four 
steps in the development of our NLP system. First, we 
built a set of features for a machine learning classifier 
using a sparse binary bag-of-words document representa-
tion. This method encodes a document as an unordered set 
of words with a value of “1” if the word is present in the 
document and, if the word is absent, the value of “0” is 
implied. We amended this set by removing most frequently 

used irrelevant words (e.g. a, an, is, was, the). Second, we 
removed misleading irrelevant phrases. For example, the 
phrase “CPT code” stands for current procedural terminol-
ogy, a way to code procedures for clinical visits. However, 
“CPT” also stands for “cognitive processing therapy.” 
Therefore, the phrase “CPT code” was removed. Third, 
we created a set of features representing salient phrases, 
which are indicative of one of the categories. The values 
for these features were set to “2” to give them a bigger 
weight. For example, occurrence of the phrase “cognitive 
processing therapy” in a document is more important to 
determining if the document reports on a CPT session than 
the words “cognitive,” “processing,” and “therapy” sepa-
rately. The total number of features in the training set was 
16,516.

Document level classification was performed using 
LIBSVM implementation of a linear multi-label SVM 
classifier. The manually annotated document set indicated 
that clinical reports documenting PE group sessions were 
extremely rare (which is consistent with the fact that VA 
clinicians have not received training on this format so 
far), so only a single PE category was used. Similarly, all 
documents reporting other psychotherapy sessions were 
combined into a single category of “other psychotherapy.” 
Thus, classification was performed using five labels: PE, 
CPT individual, CPT group, other psychotherapy, and not 
psychotherapy. While the algorithm is designed for multi-
label classification, internally it performs a series of binary 
classifications as “one-against-one” classifications and 
then aggregates the results of these classifications using 
voting to assign a single most probable label out of the 
five labels (Hsu and Lin 2002). The accuracy of the clas-
sification model on the training set was 0.89. Finally, after 
developing the machine learning model, we validated the 
system on the test document set.

We analyzed system accuracy for each category sepa-
rately and for the system as a whole. Measures included 
true positive count (TP: the number of documents in each 
category that the system and the reference standard agreed 
describe the performed psychotherapy; we also included 
true negative, false positive, and false negative counts), 
positive predictive value (PPV: the proportion of true posi-
tive documents to the total number of documents in each 
category identified by the system), sensitivity (the propor-
tion of the true positive documents to the total number of 
documents in each category identified by the annotators), 
specificity (the proportion of the true negative documents 
to the total number of documents in each category identi-
fied by the annotators), and classification accuracy (the 
proportion of documents across all categories that the 
system and the reference standard agreed on to the total 
number of documents reviewed).
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Analysis of Psychotherapy Receipt

Once the automated coding process was complete, we per-
formed analyses comparing various methods for assessing 
psychotherapy delivery. For each patient, we calculated 
psychotherapy received in three ways: (1) mean number of 
individual or group psychotherapy sessions using psycho-
therapy current procedural technology codes (see Appen-
dix 1), (2) mean number of psychotherapy sessions using 
automated classification of all documents, and (3) mean 
number of sessions of each specific EBP using NLP-based 
automated coding of individual psychotherapy documents. 
We repeated these analyses for the subpopulation of patients 
who received any EBP.

In order to account for potential bias from varying obser-
vation times, we performed a separate analysis restricting the 
dataset to the first 4.1 years (median observation time among 
entire cohort) from initial psychotherapy procedure coded 
visit among the 130,416 patients who were observed for at 
least that long (i.e., initial visit was at least 4.1 years before 
end of study), and repeated the analyses described above. 
All statistical analyses were completed in SAS, Enterprise 
Guide version 7.1 (Cary, NC).

Results

After the initial two rounds of annotation and training, the 
agreement between annotators was excellent (kappa = 0.88; 
95% CI 0.85–0.90). Table 1 outlines the frequencies of docu-
ments in each category in the training and testing sets. The 
frequencies of some labels were too small to build an accu-
rate machine learning model. As distinguishing among these 
categories was not essential, they were combined. Prolonged 
exposure individual and group were combined into the PE 
category and psychotherapy sessions other than PE and CPT 
types were merged into the “other psychotherapy” category.

NLP system validation showed an acceptable level of 
performance with PE accuracy of 0.99, CPT individual and 
CPT group accuracy of 0.97, and overall classification accu-
racy of 0.92 (see Table 2). Additionally, sensitivity, specific-
ity, PPV, and negative predictive value (NPV) measures of 
PE and CPT individual and group were all 0.90 or greater 
(see Table 2). The NLP system was then applied to the full 
dataset. In total, the automated coding process using NLP 
identified 3,705,968 psychotherapy notes, including 84,445 
PE notes, 196,018 CPT individual notes and 121,211 CPT 
group notes. As we moved from analytic methods reli-
ant on procedure coding to methods reliant on automated 
coding of note text using NLP, our estimates of the use 
of psychotherapy decreased (Table 3). Using administra-
tive coding, it appears that patients received an average of 
18.7 sessions of psychotherapy over a median of 4.1 years, 

whereas using automated review of note text it appears that 
patients received 14.5 sessions. This means that some ser-
vices administratively coded as psychotherapy appeared to 
be other services when the notes were reviewed. A total of 
51,852 patients (20.2%) received at least one session of PE 
or CPT over the study period. These patients received an 
average of 7.8 sessions of EBP, although they had an average 
total of 38.9 individual psychotherapy sessions. This means 
that patients who received EBP for PTSD also received an 
equal or greater number of sessions of other forms of indi-
vidual psychotherapy as part of their course of treatment. 
Restricting the period of observation to 4.1 years did not 
meaningfully change the results (see Appendix 2).

Discussion

We achieved our goal of deriving a method to identify VHA 
PTSD EBP notes on a national level and confirmed our 
hypothesis that an NLP system could distinguish between 
EBP notes and general psychotherapy notes on a large scale. 
Although the VHA invested in system-wide training pro-
grams to implement EBP for PTSD over a decade ago, this 
is the first time it is possible to identify receipt of EBP from 
EMRs on a national level across the implementation period. 
Our system can facilitate further research to determine the 
percentage of veterans that receive minimally adequate EBP 
for PTSD as well as their level of symptom improvement in 
a VHA clinic setting outside of a clinical trial using patient 
reported outcomes stored in the EMR (e.g., Maguen et al. 
2014). More specifically, we can use the algorithm to deter-
mine how many sessions of EBPs each individual received 

Table 1  Frequency of documents in each category for training and 
testing sets

PE prolonged exposure, CPT cognitive processing therapy
a For the testing set we combined PE group with PE individual, given 
the low frequency of PE group (n = 308); we also combined other 
individual, group and family/couple psychotherapy into “other psy-
chotherapy” (n = 297)

Categories Document count

Training set Testing set

CPT individual 619 321
CPT group 577 312
PE individual 326 303
PE  groupa 7 5
Other individual  psychotherapya 433 170
Other group  psychotherapya 384 127
Other family/couple  psychotherapya 4 0
Not psychotherapy 610 269
Total 2960 1507
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and whether dose is associated with measures of PTSD 
symptom outcomes tracked in the EMR (Hebenstreit et al. 
2015; Maguen et al. 2014; Seal et al. 2016).

Given that there are regional and site differences in the 
implementation of EBPs for PTSD, it is critical to be able 
to determine automated coding accuracy using NLP on a 
national level. While Shiner et al. (2013) demonstrated that 
automated coding of psychotherapy notes using NLP was 
possible on a regional level, we were able to build on and 
extend their work by using a different platform, expanding 
to a national level, and identifying EBP for PTSD deliv-
ered in different formats (e.g., CPT group). This also will 
allow for comparisons of delivery methods of EBP for PTSD 
(Dreyer et al. 2010), which to date have only been compared 
in clinical trials (e.g., CPT individual vs. group; Resick et al. 

2017). We found that about 20% of Iraq and Afghanistan 
veterans received at least one session of EBP for PTSD over 
nearly 15 years of observation. This is lower than we would 
expect from other studies using administrative data that were 
not able to isolate receipt of EBP for PTSD (Cully et al. 
2008; Harpaz-Rotem and Rosenheck 2011; Seal et al. 2010; 
Spoont et al. 2010). However, low receipt of EBP for PTSD 
is consistent with more recent studies demonstrating that 
few veterans are initiating EBPs for PTSD and that dropout 
levels are high among those who do initiate (Kehle-Forbes 
et al. 2016).

Being able to identify patients who engaged in EBP 
for PTSD will help improve care for veterans in several 
ways. It will help us understand which individuals are 
most likely to receive and benefit from these treatments. 

Table 2  Performance 
characteristics of the developed 
system

PE prolonged exposure, CPT cognitive processing therapy, TP true positive, TN true negative, FP false 
positive, FN false negative, PPV positive predictive value, NPV negative predictive value
NLP system total = number of documents labeled with corresponding class by the NLP system (same as 
TP + false positive). Reference total = number of documents labeled with corresponding class by the human 
annotators (same as TP + false negative). Classifier was tested on a testing set of 1507 documents, which 
were not used for system training

Performance PE CPT individual CPT group Other psych Not psych Total

Document counts
 TP 303 301 287 255 241 1387
 TN 1190 1153 1172 1173 1220
 FP 9 33 23 37 18
 FN 5 20 25 42 28
 NLP system total 312 334 310 292 259 1507
 Reference total 308 321 312 297 269 1507

Performance metrics
 Recall (sensitivity) 0.984 0.938 0.920 0.859 0.896
 Specificity 0.992 0.972 0.981 0.969 0.985
 Precision (PPV) 0.971 0.901 0.926 0.873 0.931
 NPV 0.996 0.983 0.979 0.965 0.978
 Accuracy 0.991 0.965 0.968 0.948 0.969 0.920

Table 3  Comparing methods to estimate use of prolonged exposure and cognitive processing therapy among all patients

NLP natural language processing, PE prolonged exposure, CPT cognitive processing therapy

Estimated mean number of sessions 
among the total pool of patients 
M ± SD
(n = 255,933)

Estimated mean number of sessions among the 
pool of patients receiving one session of PE or 
CPT 
M ± SD
(n = 51,852)

Administrative data—any psychotherapy 18.7 ± 30.5 40.7 ± 45.3
NLP—any psychotherapy 14.5 ± 32.2 38.9 ± 51.8
NLP-CPT and/or PE 1.58 ± 4.59 7.79 ± 7.48
NLP-CPT individual 0.766 ± 2.73 3.78 ± 5.05
NLP-CPT group 0.474 ± 2.63 2.34 ± 5.45
NLP-CPT individual or group 1.24 ± 4.1 6.12 ± 7.28
NLP-PE 0.338 ± 1.78 1.67 ± 3.67
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It will also help us understand how many sessions are 
needed to receive a “minimally adequate” dose of treat-
ment. For example, if some individuals drop out of treat-
ment because they are better, this is important information 
that can help modify the delivery of care. Being able to 
identify patients who engaged in EBP for PTSD will also 
help us to understand predictors of dropout and improve-
ment. Additionally, given that we have longitudinal data, 
it can help inform us about the average length of time to 
EBP engagment as well as the typical trajectories of care. 
For example, we found that those receiving about eight 
sessions of EBP also received an average of nearly 40 indi-
vidual psychotherapy sessions during the study period. In 
follow up analyses, we examined the number of psycho-
therapy sessions prior to the first session of EBP as well 
as after the last session of EBP for those who completed 
any EBP sessions. We found that veterans attended a mean 
of 25 sessions (median = 10) prior to their first session of 
EBP and a mean of 19 sessions (median = 7) after their last 
session of EBP. Consequently, it seems that on average, 
patients are getting additional treatment before and after 
EBP, with a larger percentage of sessions happening prior 
to EBP. This could represent efforts to address patients’ 
readiness for PTSD treatment (e.g., Zubkoff et al. 2016), 
treatment of comorbid mental health conditions (e.g., 
Shiner et al. 2017), or post-EBP care for patients that may 
continue to have symptoms or relapse over time.

There are some important limitations to this work that 
should be noted. First, we conducted this study with Iraq 
and Afghanistan veterans, who are the newest veterans of 
war in the VHA system. Consequently, results may not 
generalize to all veterans. Second, while rates of EBPs for 
PTSD were low, this may be due to patient preferences, 

which we were not able to assess. Third, participation in a 
CPT or PE session does not reflect the intensity or quality 
of the intervention, Although measuring quality of indi-
vidual sessions was not the focus of the current study, it is 
an important goal for future studies.

Despite these limitations, our findings suggest that 
automated coding using NLP is a method to identify use 
of EBPs. As far as we are aware, this is the first large-scale 
national application of automated coding to identify EBPs 
in VHA psychotherapy notes. This method holds great 
promise for answering multiple previously inaccessible 
questions that can assist clinicians and local and national 
leaders alike to understand current EBP practices and out-
comes, and ultimately improve care for those with PTSD.
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Appendix 1

See Table 4.

Table 4  Psychotherapy procedure codes used in the VHA

CPT code CPT description Category (g = group; 
i = individual; m = medica-
tion; o = other)

4062F Patient referral for psychotherapy documented (MDD, MDD ADOL) o
4064F Antidepressant pharmacotherapy prescribed (MDD, MDD ADOL) m
4065F Antipsychotic pharmacotherapy prescribed (MDD) m
90804 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 

outpatient facility, approximately 20–30 mins face-to-face with the patient
i

90805 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 
outpatient facility, approximately 20–30 mins face-to-face with the patient; with medical evaluation 
and management services

i

90806 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 
outpatient facility, approximately 45–50 mins face-to-face with the patient

i

90807 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 
outpatient facility, approximately 45–50 mins face-to-face with the patient; with medical evaluation 
and management services

i

90808 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 
outpatient facility, approximately 75–80 mins face-to-face with the patient

i
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Table 4  (continued)

CPT code CPT description Category (g = group; 
i = individual; m = medica-
tion; o = other)

90809 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an office or 
outpatient facility, approximately 75–80 mins face-to-face with the patient; with medical evaluation 
and management services

i

90810 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
20–30 mins face-to-face with the patient

i

90811 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
20–30 mins face-to-face with the patient; with medical evaluation and management services

i

90812 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
45–50 mins face-to-face with the patient

i

90813 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
45 to 50 mins face-to-face with the patient; with medical evaluation and management services

i

90814 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
75–80 mins face-to-face with the patient

i

90815 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an office or outpatient facility, approximately 
75–80 mins face-to-face with the patient; with medical evaluation and management services

i

90816 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 20–30 mins face-to-face with the 
patient

i

90817 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 20–30 mins face-to-face with the 
patient; with medical evaluation and management services

i

90818 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 45–50 mins face-to-face with the 
patient

i

90819 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 45–50 mins face-to-face with the 
patient; with medical evaluation and management services

i

90821 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 75–80 mins face-to-face with the 
patient

i

90822 Individual psychotherapy, insight oriented, behavior modifying and/or supportive, in an inpatient 
hospital, partial hospital or residential care setting, approximately 75–80 mins face-to-face with the 
patient; with medical evaluation and management services

i

90823 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 20–30 mins face-to-face with the patient

i

90824 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 20–30 mins face-to-face with the patient; with medical 
evaluation and management services

i

90826 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 45–50 mins face-to-face with the patient

i

90827 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 45–50 mins face-to-face with the patient; with medical 
evaluation and management services

i

90828 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 75–80 mins face-to-face with the patient

i
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Appendix 2

See Table 5.

Table 4  (continued)

CPT code CPT description Category (g = group; 
i = individual; m = medica-
tion; o = other)

90829 Individual psychotherapy, interactive, using play equipment, physical devices, language interpreter, 
or other mechanisms of non-verbal communication, in an inpatient hospital, partial hospital or 
residential care setting, approximately 75–80 mins face-to-face with the patient; with medical 
evaluation and management services

i

90832 Psychotherapy, 30 mins with patient and/or family member i
90833 Psychotherapy, 30 mins with patient and/or family member when performed with an evaluation and 

management service (list separately in addition to the code for primary procedure)
i

90834 Psychotherapy, 45 mins with patient and/or family member i
90836 Psychotherapy, 45 mins with patient and/or family member when performed with an evaluation and 

management service (list separately in addition to the code for primary procedure)
i

90837 Psychotherapy, 60 mins with patient and/or family member i
90838 Psychotherapy, 60 mins with patient and/or family member when performed with an evaluation and 

management service (list separately in addition to the code for primary procedure)
i

90841 Individual medical psychotherapy by a physician, with continuing medical diagnostic evaluation, and 
drug management when indicated, including insight oriented, behavior modifying or supportive 
psychotherapy (face-to-face with the patient); time unspecified

i

90843 Individual medical psychotherapy by a physician, with continuing medical diagnostic evaluation, and 
drug management when indicated, including insight oriented, behavior modifying or supportive 
psychotherapy (face-to-face with the patient); approximately 20–30 mins

i

90844 Individual medical psychotherapy by a physician, with continuing medical diagnostic evaluation, and 
drug management when indicated, including insight oriented, behavior modifying or supportive 
psychotherapy (face-to-face with the patient); approximately 45–50 mins

i

90853 Group psychotherapy (other than of a multiple-family group) g
90855 Interactive individual medical psychotherapy i
90857 Interactive group psychotherapy g
90862 Pharmacologic management, including prescription, use, and review of medication with no more 

than minimal medical psychotherapy
m

90863 Pharmacologic management, including prescription and review of medication, when performed with 
psychotherapy services (list separately in addition to the code for primary procedure)

m

Table 5  Comparing methods to estimate use of PE and CPT in first 4 years of psychotherapy

NLP natural language processing, PE prolonged exposure, CPT cognitive processing therapy

Estimated mean number of sessions 
among the total pool of patients 
M ± SD
n = 130,416

Estimated mean number of sessions among the 
pool of patients receiving one session of PE or 
CPT 
M ± SD
(n = 21,783)

Administrative data—any psychotherapy 18.7 ± 25.4 40.7 ± 36.6
NLP—any psychotherapy 13.3 ± 27.2 37.6 ± 44.3
NLP-CPT and/or PE 1.26 ± 4.11 7.55 ± 7.34
NLP-CPT individual 0.575 ± 2.37 3.44 ± 4.86
NLP-CPT group 0.354 ± 2.16 2.12 ± 4.91
NLP-CPT individual or group 0.971 ± 3.65 5.81 ± 7.18
NLP-PE 0.283 ± 1.61 1.7 ± 3.62
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Appendix 3: CPT and PE Guidelines 
for Annotation

Cognitive Processing Therapy (CPT)—Individual 
Therapy

• If the title or body of the note states “CPT Session #n”, 
and is an individual session, consider it CPT—individ-
ual.

Examples of CPT notes:

– “Content: this was the fifth session of cognitive 
processing therapy (CPT) for PTSD.”

– “Cognitive processing therapy: initial session.”

• Not to be confused with CBT (cognitive behavioral ther-
apy) or with CPT (current procedural terminology) code 
sets. If numbers follow the initials CPT, it is likely refer-
ring to a CPT code.

Cognitive processing therapy (CPT) is a cognitive-behav-
ioral therapy for PTSD and related conditions. CPT typi-
cally consists of 12, 50-min therapy sessions. CPT utilizes 
trauma-specific cognitive challenging techniques to help 
patients move past inaccurate negative thoughts (called 
“stuck points”) and progress toward recovery. Additionally, 
this therapy can be conducted with or without a written 
trauma account and in individual or group formats.

• Additional phrases in the body of the text may identify a 
CPT session:

– Safety module
– Impact statement
– Trust module
– Intimacy module
– Esteem module
– Power/control module
– Trauma account
– Stuck point(s)
– Challenging questions
– Patterns of problematic thinking
– Socratic questioning
– Final impact statement

Cognitive Processing Therapy (CPT)—Group 
Therapy

• If the title or body of the note states “CPT Session #n”, 
and is a group session, consider it CPT—group therapy.

• Same criteria as listed in CPT-individual above, but note 
is clearly referring to a CPT group therapy session.

Prolonged Exposure (PE)—Individual Therapy

The goal of prolonged exposure therapy is to promote pro-
cessing of the trauma memory and to reduce distress and 
avoidance evoked by the trauma reminders. The imaginal 
exposure typically occurs during the therapy session and 
consists of retelling the trauma to the therapist. For the 
in vivo exposure, the clinician works with the client to estab-
lish a fear and avoidance hierarchy and typically assigns 
exposures to these list items as homework progressively. 
Both components work by facilitating emotional processing 
so that the problematic traumatic memories and avoidances 
habituate (desensitize).

• To address the traumatic memories and triggers that are 
reminders of the trauma, the core components of pro-
longed exposure therapy are:

1. Imaginal exposure, revisiting the traumatic memory, 
repeated recounting it aloud, and processing the 
revisiting experience, and

2. in vivo exposure, the repeated confrontation with 
situations and objects that cause distress but are not 
inherently dangerous.

3. Additional phrases found in the body of the text may 
identify a PE session:

– In vivo hierarchy
– Hot spots

• Examples of PE notes:

Prolonged exposure imaginal sessions.
Time in session (in minutes): 90.
Session Number: 5.

• If the title or body of the note says “PE Session #n”, 
and is an individual session, consider it PE-individual 
therapy.

• Check the note’s content carefully to make sure PE does 
not refer to “physical exam” or “pulmonary embolism”.
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Prolonged Exposure (PE)—Group Therapy 
(Combined with Individual)

If the title or body of the note says “PE Session #n”, and is 
a group session, consider it PE-group therapy.

Same criteria as listed in PE-individual therapy above, 
but note is clearly referring to a PE-group therapy session.

Do not annotate as PE unless it is clearly only PE and not 
combined with DBT or some other modality. Only capture 
PE group for notes that indicate both imaginal and in vivo 
components were present, and another modality was not be 
used concurrently.

References

Baharudin, B., Lee, L. H., & Khan, K. A. (2010). Review of machine 
learning algorithms for text-documents classification. Journal 
of Advances in Information Technology, 1(1), 4–20. https ://doi.
org/10.4304/jait.1.1.4-20.

Batuwita, R., & Palade, V. (2013). Class imbalance learning methods 
for support vector machines. In Imbalanced learning (pp. 83–99). 
Hoboken, NJ: Wiley.

Chang, C. C., & Lin, C. J. (2011). LIBSVM: A library for support vec-
tor machines. ACM Transactions on Intelligent Systems and Tech-
nology, 2(3), 1–27. https ://doi.org/10.1145/19611 89.19611 99.

Chard, K. M., Schumm, J. A., Owens, G. P., & Cottingham, S. M. 
(2010). A comparison of OEF and OIF veterans and Vietnam 
veterans receiving cognitive processing therapy. Journal of Trau-
matic Stress, 23(1), 25–32. https ://doi.org/10.1002/jts.20500 .

Cornia, R., Patterson, O. V., Ginter, T., & DuVall, S. L. (2014). Rapid 
NLP development with Leo. In AMIA Annual Symposium Pro-
ceedings. (p. 1356).

Cully, J. A., Tolpin, L., Henderson, L., Jimenez, D., Kunik, M. E., 
& Peterson, L. A. (2008). Psychotherapy in the Veterans Health 
Administration: Missed opportunities?. Psychological Services, 
5(4), 320–331. https ://doi.org/10.1037/a0013 719.

D’Avolio, L. W., Nguyen, T. M., Farwell, W. R., Chen, Y., Fitzmeyer, 
F., Harris, O. M., & Fiore, L. D. (2010). Evaluation of a general-
izable approach to clinical information retrieval using the auto-
mated retrieval console (ARC). Journal of the American Medical 
Informatics Association, 17(4), 375–382. https ://doi.org/10.1136/
jamia .2009.00141 2.

Dreyer, N. A., Tunis, S. R., Berger, M., Ollendorf, D., Mattox, P., 
& Glikich, R. (2010). Why observational studies should be 
among the tools used in comparative effectiveness research. 
Health Affairs, 29(10), 1818–1825. https ://doi.org/10.1377/hltha 
ff.2010.0666.

Ferrucci, D., & Lally, A. (2004). UIMA: An architectural approach 
to unstructured information processing in the corporate research 
environment. Natural Language Engineering, 10(3–4), 327–348. 
https ://doi.org/10.1017/S1351 32490 40035 23.

Haagen, J. F., Smid, G. E., Knipscheer, J. W., & Kleber, R. J. (2015). 
The efficacy of recommended treatments for veterans with PTSD: 
A metaregression analysis. Clinical Psychology Review, 40, 184–
194. https ://doi.org/10.1016/j.cpr.2015.06.008.

Harpaz-Rotem, I., & Rosenheck, R. A. (2011). Serving those who 
served: Retention of newly returning veterans from Iraq and 
Afghanistan in mental health treatment. Psychiatric Services, 
62(1), 22–27. https ://doi.org/10.1176/ps.62.1.pss62 01_0022.

Hebenstreit, C. L., Madden, E., Koo, K. H., & Maguen, S. (2015). 
Minimally adequate mental health care and latent classes of PTSD 

symptoms in female Iraq and Afghanistan veterans. Psychiatric 
Services, 65(12), 1414–1419.

Hsu, C. W., & Lin, C. J. (2002). A comparison of methods for multi-
class support vector machines. IEEE Transactions on Neural Net-
works, 13, 415–425. https ://doi.org/10.1109/72.99142 7.

Karlin, B. E., Ruzek, J. I., Chard, K. M., Eftekhari, A., Monson, C. M., 
Hembree, E. A., … Foa, E. B. (2010). Dissemination of evidence-
based psychological treatments for posttraumatic stress disorder 
in the veterans health administration. Journal of Traumatic Stress, 
23(6), 663–673. https ://doi.org/10.1002/jts.20588 .

Kehle-Forbes, S. M., Meis, L. A., Spoont, M. R., & Polusny, M. A. 
(2016). Treatment initiation and dropout from prolonged exposure 
and cognitive processing therapy in a VA outpatient clinic. Psy-
chological Trauma: Theory, Research, Practice, and Policy, 8(1), 
107–114. https ://doi.org/10.1037/tra00 00065 .

Kussman, M. J. (2008). VHA Handbook 1160.01: Uniform mental 
helath services in VA medical centers and clinic. Accessed 
March 1, 2010, from http://www1.va.gov/vhapu blica tions /
ViewP ublic ation .asp?pub_ID=1762.

Lu, M. W., Plagge, J. M., Marsiglio, M. C., & Dobscha, S. K. (2016). 
Clinician documentation on receipt of trauma-focused evidence-
based psychotherapies in a VA PTSD clinic. Journal of Behav-
ioral Health Services & Research, 43(1), 71–87. https ://doi.
org/10.1007/s1141 4-013-9372-9.

Maguen, S., Madden, E., Neylan, T. C., Cohen, B. E., Bertenthal, 
D., & Seal, K. H. (2014). Timing of mental health treatment 
and PTSD symptom improvement among Iraq and Afghanistan 
veterans. Psychiatric Services, 65(12), 1414–1419. https ://doi.
org/10.1176/appi.ps.20130 0453

Meystre, S. M., Savova, G. K., Kipper-Schuler, K. C., & Hurdle, J. 
F. (2008). Extracting information from textual documents in the 
electronic health record: A review of recent research. Yearbook 
of Medical Informatics, 35, 128–144.

Monson, C. M., Schnurr, P. P., Resick, P. A., Friedman, M. J., 
Young-Xu, Y., & Stevens, S. P. (2006). Cognitive processing 
therapy for veterans with military-related posttraumatic stress 
disorder. Journal Consulting and Clinical Psychology, 74(5), 
898–907. https ://doi.org/10.1037/0022-006X.74.5.898.

Mott, J. M., Mondragon, S., Hundt, N. E., Beason-Smith, M., Grady, 
R. H., & Teng, E. J. (2014). Characteristics of U.S. veterans 
who begin and complete prolonged exposure and cognitive pro-
cessing therapy for PTSD. Journal of Traumatic Stress, 27(3), 
265–273. https ://doi.org/10.1002/jts.21927 .

Resick, P. A., Wachen, J. S., Dondanville, K. A., Pruiksma, K. E., 
Yarvis, J. S., Peterson, A. L., … The STRONG STAR Consor-
tium. (2017). Effect of group vs individual cognitive process-
ing therapy in active-duty military seeking treatment for post-
traumatic stress disorder: A randomized clinical trial. JAMA 
Psychiatry, 74(1), 28–36. https ://doi.org/10.1001/jamap sychi 
atry.2016.2729.

Resick, P. A., Wachen, J. S., Mintz, J., Young-McCaughan, S., Roache, 
J. D., Borah, A. M., … Peterson, A. L. (2015). A randomized 
clinical trial of group cognitive processing therapy compared with 
group present-centered therapy for PTSD among active duty mili-
tary personnel. Journal of Consulting and Clinical Psychology, 
83(6), 1058–1068. https ://doi.org/10.1037/ccp00 00016 .

Rosen, C. S., Eftekhari, A., Crowley, J. J., Smith, B. N., Kuhn, E., 
Trent, L., … Ruzek, J. I. (2017). Maintenance and reach of expo-
sure psychotherapy for posttraumatic stress disorder 18 months 
after training. Journal of Traumatic Stress, 30(1), 63–70. https ://
doi.org/10.1002/jts.22153 .

Rosen, C. S., Matthieu, M. M., Stirman, S. W., Cook, J. M., Landes, 
S., Bernardy, N. C., … Watts, B. V. (2016). A review of studies 
on the system-wide implementation of evidence-based psycho-
therapies for posttraumatic stress disorder in the Veterans Health 
Administration. Administration and Policy in Mental Health and 

https://doi.org/10.4304/jait.1.1.4-20
https://doi.org/10.4304/jait.1.1.4-20
https://doi.org/10.1145/1961189.1961199
https://doi.org/10.1002/jts.20500
https://doi.org/10.1037/a0013719
https://doi.org/10.1136/jamia.2009.001412
https://doi.org/10.1136/jamia.2009.001412
https://doi.org/10.1377/hlthaff.2010.0666
https://doi.org/10.1377/hlthaff.2010.0666
https://doi.org/10.1017/S1351324904003523
https://doi.org/10.1016/j.cpr.2015.06.008
https://doi.org/10.1176/ps.62.1.pss6201_0022
https://doi.org/10.1109/72.991427
https://doi.org/10.1002/jts.20588
https://doi.org/10.1037/tra0000065
http://www1.va.gov/vhapublications/ViewPublication.asp?pub_ID=1762
http://www1.va.gov/vhapublications/ViewPublication.asp?pub_ID=1762
https://doi.org/10.1007/s11414-013-9372-9
https://doi.org/10.1007/s11414-013-9372-9
https://doi.org/10.1176/appi.ps.201300453
https://doi.org/10.1176/appi.ps.201300453
https://doi.org/10.1037/0022-006X.74.5.898
https://doi.org/10.1002/jts.21927
https://doi.org/10.1001/jamapsychiatry.2016.2729
https://doi.org/10.1001/jamapsychiatry.2016.2729
https://doi.org/10.1037/ccp0000016
https://doi.org/10.1002/jts.22153
https://doi.org/10.1002/jts.22153


529Administration and Policy in Mental Health and Mental Health Services Research (2018) 45:519–529 

1 3

Mental Health Services Research, 43(6), 957–977. https ://doi.
org/10.1007/s1048 8-016-0755-0.

Schnurr, P. P., Friedman, M. J., Engel, C. C., Foa, E. B., Shea, M. 
T., Chow, B. K., … Bernardy, N. (2007). Cognitive behavioral 
therapy for posttraumatic stress disorder in women: A randomized 
controlled trial. JAMA Psychaitry, 297(8), 820–830. https ://doi.
org/10.1001/jama.297.8.820.

Schnurr, P. P., & Lunney, C. A. (2015). Differential effects of prolonged 
exposure on posttraumatic stress disorder symptoms in female 
veterans. Journal of Consulting Clinical Psychology, 83(6), 1154–
1160. https ://doi.org/10.1037/ccp00 00031 .

Seal, K. H., Bertenthal, D., Miner, C. R., Sen, S., & Marmar, C. 
(2007). Bringing the war back home: Mental health disorders 
among 103,788 US veterans returning from Iraq and Afghani-
stan seen at Department of Veterans Affairs facilities. Archives 
of Internal Medicine, 167(5), 476–482. https ://doi.org/10.1001/
archi nte.167.5.476.

Seal, K. H., Maguen, S., Bertenthal, D., Batki, S. L., Striebel, J., 
Stein, M. B., Madden, E., & Neylan, T. C. (2016). Observational 
evidence for buprenorphine’s impact on posttraumatic stress 
symptoms in Veterans with chronic pain and opioid use disorder. 
Journal of Clinical Psychiatry, 77(9), 1182–1188. https ://doi.
org/10.4088/JCP.15m09 893.

Seal, K. H., Maguen, S., Cohen, B., Gima, K. S., Metzler, T. J., Ren, 
L., … Marmar, C. R. (2010). VA mental health services utiliza-
tion in Iraq and Afghanistan veterans in the first year of receiving 
new mental health diagnoses. Journal of Traumatic Stress, 23(1), 
5–16. https ://doi.org/10.1002/jts.20493 .

Shiner, B., D’Avolio, L. W., Nguyen, T. M., Zayed, M. H., Young-
Xu, Y., Desai, R. A., … Watts, B. V. (2013). Measuring use of 
evidence based psychotherapy for posttraumatic stress disorder. 
Administration and Policy in Mental Health and Mental Health 
Services Research, 40(4), 311–318. https ://doi.org/10.1007/s1048 
8-012-0421-0.

Shiner, B., D’Avolio, L. W., Nguyen, T. N., Zayed, M. H., Watts, B. 
V., & Fiore, L. (2012). Automated classification of psychotherapy 
note text: Implications for quality assessment in PTSD care. Jour-
nal of Evaluation in Clinical Practice, 18(3), 698–701. https ://doi.
org/10.1111/j.1365-2753.2011.01634 .x.

Shiner, B., Westgate, C. L., Bernary, N. C., Schnurr, P. P., & Watts, 
B. V. (2017). Anticonvulsant medication use in veterans with 

posttraumatic stress disorder. Journal of Clinical Psychiatry, 
78(5), e545–e552. https ://doi.org/10.4088/JCP.16m11 031.

Shiner, B., Westgate, C. L., Simiola, V., Thompson, R., Schnurr, P. P., 
& Cook, J. M. Measuring use of evidence-based psychotherapy 
for PTSD in VA residential treatment settings with clinician sur-
vey and electronic medical record templates. Military Medicine 
(in press).

Smith, E. R., Porter, K. E., Messina, M. G., Beyer, J. A., Defever, M. 
E., Foa, E. B., & Rauch, S. A. (2015). Prolonged exposure for 
PTSD in a Veteran group: A pilot effectiveness study. Journal 
of Anxiety Disorders, 30, 23–27. https ://doi.org/10.1016/j.janxd 
is.2014.12.008.

Spoont, M. R., Murdoch, M., Hodges, J., & Nugent, S. (2010). Treat-
ment receipt by veterans after a PTSD diagnosis in PTSD, mental 
health, or general medical clinics. Psychiatric Services, 61(1), 
58–63. https ://doi.org/10.1176/ps.2010.61.1.58.

Tuerk, P. W., Yoder, M., Grubaugh, A., Myrick, H., Hamner, M., & 
Acierno, R. (2011). Prolonged exposure therapy for combat-
related posttraumatic stress disorder: An examination of treat-
ment effectiveness for veterans of the wars in Afghanistan and 
Iraq. Journal of Anxiety Disorders, 25(3), 397–403. https ://doi.
org/10.1016/j.janxd is.2010.11.002.

Voelkel, E., Pukay-Martin, N. D., Walter, K. H., & Chard, K. M. 
(2015). Effectiveness of cognitive processing therapy for male 
and female U.S. Veterans with and without military sexual 
trauma. Journal of Traumatic Stress, 28(3), 174–182. https ://doi.
org/10.1002/jts.22006 .

Yoder, M., Tuerk, P. W., Price, M., Grubaugh, A. L., Strachan, M., 
Myrick, H., & Acierno, R. (2012). Prolonged exposure therapy 
for combat-related posttraumatic stress disorder: Comparing out-
comes for Veterans of different wars. Psychological Services, 9(1), 
16–25. https ://doi.org/10.1037/a0026 279.

Zubkoff, L., Carpenter-Song, E., Shiner, B., Ronconi, J. M., & Watts, 
B. V. (2016). Clinicians’ perception of patient readiness for treat-
ment: An emerging theme in implementation science. Admin-
istration and Policy in Mental Health and Mental Health Ser-
vices Research, 43(2), 250–258. https ://doi.org/10.1007/s1048 
8-015-0635-z.

https://doi.org/10.1007/s10488-016-0755-0
https://doi.org/10.1007/s10488-016-0755-0
https://doi.org/10.1001/jama.297.8.820
https://doi.org/10.1001/jama.297.8.820
https://doi.org/10.1037/ccp0000031
https://doi.org/10.1001/archinte.167.5.476
https://doi.org/10.1001/archinte.167.5.476
https://doi.org/10.4088/JCP.15m09893
https://doi.org/10.4088/JCP.15m09893
https://doi.org/10.1002/jts.20493
https://doi.org/10.1007/s10488-012-0421-0
https://doi.org/10.1007/s10488-012-0421-0
https://doi.org/10.1111/j.1365-2753.2011.01634.x
https://doi.org/10.1111/j.1365-2753.2011.01634.x
https://doi.org/10.4088/JCP.16m11031
https://doi.org/10.1016/j.janxdis.2014.12.008
https://doi.org/10.1016/j.janxdis.2014.12.008
https://doi.org/10.1176/ps.2010.61.1.58
https://doi.org/10.1016/j.janxdis.2010.11.002
https://doi.org/10.1016/j.janxdis.2010.11.002
https://doi.org/10.1002/jts.22006
https://doi.org/10.1002/jts.22006
https://doi.org/10.1037/a0026279
https://doi.org/10.1007/s10488-015-0635-z
https://doi.org/10.1007/s10488-015-0635-z

	Measuring Use of Evidence Based Psychotherapy for Posttraumatic Stress Disorder in a Large National Healthcare System
	Abstract
	Introduction
	Method
	Participants
	Natural Language Processing Method
	Annotation of a Reference Standard
	NLP System Development
	Analysis of Psychotherapy Receipt

	Results
	Discussion
	Acknowledgements 
	References


