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Background: Adherence to self-administered biologic therapies is important to induce remission and prevent adverse clinical outcomes in
Inflammatory bowel disease (IBD). This study aimed to use administrative claims data and machine learning methods to predict nonadherence
in an academic medical center test population.

Methods: A model-training dataset of beneficiaries with IBD and the first unique dispense of a self-administered biologic between June
30, 2016 and June 30, 2019 was extracted from the Commercial Claims and Encounters and Medicare Supplemental Administrative Claims
Database. Known correlates of medication nonadherence were identified in the dataset. Nonadherence to biologic therapies was defined as a
proportion of days covered ratio <80% at 1 year. A similar dataset was obtained from a tertiary academic medical center's electronic medical
record data for use in model testing. A total of 48 machine learning models were trained and assessed utilizing the area under the receiver op-
erating characteristic curve as the primary measure of predictive validity.

Results: The training dataset included 6998 beneficiaries (n = 2680 nonadherent, 38.3%) while the testing dataset included 285 patients
(n =134 nonadherent, 47.0%). When applied to test data, the highest performing models had an area under the receiver operating characteristic
curve of 0.55, indicating poor predictive performance. The majority of models trained had low sensitivity and high specificity.

Conclusions: Administrative claims-trained models were unable to predict biologic medication nonadherence in patients with IBD. Future re-
search may benefit from datasets with enriched demographic and clinical data in training predictive models.

Lay Summary

This study used insurance data and machine learning to predict if patients with inflammatory bowel disease would obtain their medications on
time. The models did not make accurate predictions, suggesting more data is needed for better predictions.
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Background

Inflammatory bowel disease (IBD), comprised of Crohn dis-
ease and ulcerative colitis, affects approximately 6.8 million

significantly to the overall cost of IBD care, averaging $36 051
per patient per year in 2015.*
Poor adherence to biological therapy contributes to

patients globally, with a prevalence rate of 464.5 cases per
100 000 in the United States.! Moderate to severe IBD is often
medically managed with biologic therapies, several of which
are self-administered in the outpatient setting, including
adalimumab, certolizumab, golimumab, ustekinumab, and
risankizumab.>* Though biologics are considered cost-
effective therapies, particularly when compared to costs as-
sociated with poorly controlled IBD, they still contribute

worse IBD outcomes and higher care-associated costs.
Current estimates of nonadherence to biologic therapy
range from 17.4% to 45%.5® Several risk factors for bio-
logic nonadherence have been identified, including younger
age, female gender, tobacco use, payor type, Crohn's disease
diagnosis, and comorbid diagnoses such as anxiety and de-
pression.’™!> Patient medication utilization patterns are also
associated with biologic nonadherence, such as nonadherence
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2 Applying Machine Learning Models to Predict Biologic Nonadherence

Key Messages

What is already known? Despite efficacy, nonadherence to
biologic therapy in inflammatory bowel disease remains high
and previous work has characterized risk factors for medication
nonadherence.

What is new here? Established risk factors for biologic
nonadherence were identified in a large administrative claims
dataset to train predictive machine learning models. Models
were tested for validity in an academic medical center patient
population.

How can this study help patient care? \While models in
this study were unsuccessful in reliably predicting biologic
nonadherence, the results described can provide a basis for
future investigations utilizing alternate training datasets and
methodologies.

to prior IBD therapies, concurrent dual therapy with a bio-
logic and an immunomodulator, and chronic opioid use.>*!214

The development of predictive models to identify patients
at high risk of nonadherence and proactively address barriers
to adherence is appealing, as risk factors are often present
at baseline. Machine learning models have previously been
developed to predict medication nonadherence in other
disease states, as well as non-biologic immunomodulator
therapy in IBD.""'® Furthermore, many of the risk factors
for nonadherence can be identified from the data contained
in administrative claims databases, providing a sufficiently
large dataset for training such a model.'®'"” However, the use-
fulness of this model hinges on the predictive validity when
applied in a clinical environment. This study will examine
the utility of several competing machine learning models
trained on administrative claims data to predict IBD bio-
logic nonadherence in a tertiary academic medical center
patient population. Investigators hypothesized training pre-
dictive models on large-scale administrative claims datasets
including variables previously associated with nonadherence
would produce models to accurately identify nonadherence in
individual patient populations.

Materials and Methods

Data Sources and Study Design

Model-training datasets were derived from the Meritive
MarketScan Commercial Claims and Encounters and
Medicare Supplemental Administrative Claims Database,
hereafter referred to as MarketScan. This database contains
demographics, records of inpatient and outpatient health-
care encounters, and prescription medication transactions
for more than 273 million unique beneficiaries covered by
employer health plans.?® This dataset includes International
Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) and Healthcare Common
Procedure Coding System/Current Procedure Terminology
(HCPCS/CPT) codes associated with encounter diagnoses
and procedures performed, as well as the Generic Product
Identifier (GPI) associated with dispensed medications.?!->
MarketScan beneficiaries with a first unique medica-
tion dispense between June 30, 2016 and June 30, 2019 of
any self-administered biologic medication with a current

FDA-approved indication for IBD (adalimumab, certolizumab,
golimumab, and ustekinumab) were considered for inclusion.
The first dispense date was considered the index date for study
purposes. Otherwise eligible MarketScan beneficiaries were
excluded if: (1) they did not have at least 2 outpatient en-
counter claims or 1 inpatient encounter claim associated with
an ICD-10-CM code in a 180-day preindex period indicating
IBD (K507*, K51%); (2) they were not continuously enrolled
for 180 days prior to and 365 days post-index date, with pre-
scription benefits and no gap in enrollment greater than 30
days; or (3) were <18 years of age at the index date. From
this cohort, beneficiary demographics and all encounter-level
data (including dates of service and associated ICD-10-CM
and HCPCS/CPT) were extracted from the preindex period,
while all medication dispensing records were obtained from
the pre- and postindex periods.

In order to provide a dataset to test model validity out-
side of MarketScan beneficiaries, a separate cohort was
identified from patients treated at a tertiary academic med-
ical center that serves a rural and disproportionate share pop-
ulation. Eligible patient records were identified as having a
first unique biologic dispense date between June 30, 2016
and June 30, 2022. Similar to the training cohort, patients
were excluded if (1) they were <18 years of age at index date,
or (2) had no diagnosis of IBD during the preindex period.
While additional relevant clinical and demographic data was
available in electronic medical records, data extraction was
performed to mirror only the same data elements available
from the MarketScan beneficiary records. Only medication
dispensing records from pharmacies affiliated with the health
system were available for analysis, in contrast to the training
dataset which contained all dispenses where insurance was
billed across any location. This study was reviewed and
approved by the Medical Institutional Review Board of the
academic medical center.

Data Preprocessing

After extraction, raw data was used to generate 2 dataset
types for model training and assessment. In the first dataset
type (investigator-only), only investigator-selected features
of interest were included. Features were identified from a
review of the relevant literature and clinical experience of
the investigators. Demographic features included index IBD
diagnosis, sex, age, Medicare payor, and index biologic.
Encounter-level features included preindex diagnoses of anx-
iety/depression or smoking, number of inpatient and outpa-
tient encounters within the 180-day preindex period, and
the Charlson Comorbidity Index (CCI) assessed at the index
date.?* CCI was calculated through the use of ICD-10-CM
codes via previously published methods.? Medication-related
features included prior IBD therapies utilized in the preindex
period, identified nonadherence to prior IBD therapies,
chronic opioid use, dual therapy with an immunomodulator
in addition to the index biologic, number of unique
medications dispensed, and prednisone milligram equivalents
of corticosteroids dispensed. Chronic opioid use was de-
fined as greater than or equal to 90-day supply of outpatient
opioid dispenses in the preindex period without any 30-day
gaps in supply.'* All features were binary indicators, with the
exception of age (categorical), number of inpatient and out-
patient encounters, number of unique medications dispensed,
and prednisone milligram equivalents (continuous). In the
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Figure 1. Summary of approach to model creation.

event of missing or incomplete data, the binary indicator was
considered negative or zero was substituted for continuous
data. Full study definitions of administrative claims codes
used to generate investigator-selected features are available in
Supplementary Table 1.

In the second dataset type the same investigator-selected
features were generated, but additional binary indicators
were created utilizing all ICD-10-CM codes and GPI codes
from preindex encounters and medication dispenses. Binary
indicator features were created for each category of Clinical
Classification Software Refined (CCSR), a tool which groups
ICD-10-CM codes into clinically relevant categories.?® In ad-
dition, binary features for the dispense of a particular medi-
cation group (GPI 2-digit) in the preindex period were also
created. These additional features were intended to aid in iden-
tification of any associations with medication nonadherence
not previously identified in the literature. This dataset is
henceforward referred to as the investigator + CCSR + GPI2
dataset. In both dataset types, features were standardized to a
mean of zero and a standard deviation of one.

Data Labeling

Training and testing datasets were labeled with a binary fea-
ture indicating nonadherence derived from a proportion of
days covered (PDC) calculation. PDC is an indirect measure

Feature Engineering

Investigator- Investigator-selected
selected features features + CCSR &
onl GPI2 binary features

A4. No feature
selection

Al. No feature
selection

A5. Random forest
(RF) feature selection

A2. Random forest
(RF) feature selection

A3. Principal
components analysis g

A6. Principal
a4 components analysis

of outpatient medication adherence that assesses the degree
of adherence in a ratio from 0 to 1 based upon the intervals
between medication dispenses and the supply dispensed in
a given time period. PDC for this study was calculated as
follows:

Days covered by biologic supply in post — index period
365

Where days covered are the number of days in which a
subject would have supply under the assumption that they
are taking the medication as prescribed and only receiving
medication from observed dispenses.?”-*® Dispensed supply
of any biologic qualifying for inclusion in this study was
considered in the numerator. PDC values were dichotomized
to create the nonadherence feature, with a PDC < 0.8 corre-
sponding to nonadherence (a threshold commonly used in
prior literature).?’

PDC =

Model Training

The approach to model training is outlined in Figure 1. Eight
machine learning classification algorithms (labeled A-H)
were used to develop six candidate models (#1-6) each for
a total of 48 models (A1—HS®6). Classifier algorithms chosen
included logistic regression, ridge regression, lasso regression,
k-nearest neighbors, linear support vector machines, decision
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trees, gradient boosting decision trees, and neural networks.
All classifier algorithms used were obtained from the pub-
licly available Python package scikit-learn, version 1.3.0.3°
These algorithms were chosen based on availability within
the scikit-learn package, as well as to investigate several
competing approaches with distinct advantages in handling
the study datasets. In specific, logistic regression was selected
as a base model for comparison to other approaches. Given
the number of considered features, algorithms with built-in
feature selection (ridge, lasso regression) or the ability to cap-
ture complex decision boundaries in high-dimensional space
(k-nearest neighbors, linear support vector machines) were
considered. Additionally, investigators suspected non-linear
relationships between features for which decision trees and
neural network classifiers may be more suited.

For each classifier algorithm, three models were trained
using the investigator-only dataset (models 1-3). In model 1,
no feature selection or transformation beyond zero standard-
ization was performed. In model 2, a random forest algorithm
was first applied to the dataset to estimate feature importance
and only features with importance greater than the mean
were included in model training. This preprocessing step was
conducted to reduce potential errors introduced by possibly
irrelevant features. In model 3, data was transformed the data
with principal components analysis prior to model training.
This step was taken to reduce dimensionality while preserving
variance, in hopes of reducing overfitting and enhancing the
generalization of the model. Models 4, 5, and 6 were trained
using the same methods as 1, 2, and 3, respectively, but used
the investigator + CCSR + GPI2 dataset to incorporate addi-
tional and potentially relevant unknown features.

All models were trained using ten-fold cross-validation on
the training dataset to obtain the optimal model for each al-
gorithm. The optimal model was defined as having the highest
F, score on the training data, where:

(1 -+ %) * Precision * Recall

Fg = —
g (B* * Precision x Recall)
Precisi True Positives
recision = — —
(True Positives + False Positives)
Recall — True Positives

(True Positives + False Negatives)

A B = 2 value was chosen for this study in order to minimize
false negatives in the model. This was chosen given an assump-
tion that the preference would be to overtreat false positive
risks for nonadherence rather than undertreat false negatives.
For models in which there were multiple hyperparameters
or multiple valid settings for a single hyperparameter, a grid
search of all combinations of hyperparameters specified was
conducted to obtain the combination that maximized F, score
(Supplementary Table 2).

Model Performance Evaluation and Statistical
Analysis

Descriptive statistics were reported for all variables, in-
cluding the number and percentage of beneficiaries with a
given condition for categorical variables, as well as mean,
median, standard deviation, and interquartile range for con-
tinuous variables, as observed in training and test datasets.
To examine relationships between individual features and

biological nonadherence at baseline in each dataset, 2 logistic
regression models including all investigator-only variables
were constructed using training and test datasets. Odds ratios
from each of these logistic regression models were reported.

Model predictive validity was assessed via several metrics,
including accuracy, area under the receiver operating charac-
teristic curve (AUC), Brier score, F1 & F, score, negative pre-
dictive value, precision, sensitivity, and specificity.?! AUC was
used as the primary metric of model predictive validity, and
used to select the best model within a classifier algorithm for
comparison against other classifier algorithms. Metrics were
obtained for model performance on both training and testing
datasets; however, only metrics derived from testing datasets
were utilized in assessing model predictive validity.

Results

Description of Training and Test Datasets

After the application of inclusion and exclusion criteria
(Figure 2), 6,998 eligible beneficiaries were included in the
training dataset, and 285 patients were included in the test
dataset. Rates of nonadherence were higher in the test dataset
(n=134, 47.02%) as compared to the training dataset
(n =2680, 38.3%; Table 1). Observed distributions of the
PDC variable were left-skewed (Supplementary Figure 1).
In the training dataset, factors associated with significantly
lower odds of nonadherence included age groups of 45-54
(odds ratio [OR] 0.863; 95% confidence interval [95%CI]|
0.756,0.986) and 55-64 (OR 0.712; 95% CI: 0.599, 0.846)
referent to < 44, diagnosis of Crohn’s disease (OR 0.685;
95% CI: 0.586, 0.801), and prior use of mercaptopurines
(OR 0.756; 95% CI: 0.62, 0.92) or azathioprine (OR 0.763;
95% CI: 0.653, 0.891). Features associated with higher odds
of nonadherence included female sex (OR 1.131; 95% CI:
1.022, 1.252), index biologic of certolizumab (OR 2.288;
95% CI: 1.612, 3.248) or ustekinumab (OR 1.484; 95% CI:
1.261, 1.746) compared to index adalimumab, diagnosis of
tobacco use (OR 1.262; 95% CI: 1.019, 1.563), CCI (OR
1.061; 95% CI: 1.001, 1.125), preindex vedolizumab admin-
istration (OR 1.324; 95% CI: 1.011, 1.734), or any inpatient
admission (OR 1.149; 95% CI: 1.014, 1.302).

In the test dataset, a single variable was associated with
significantly lower odds of nonadherence including Medicare
coverage (OR 0.419; 95% CI: 0.203, 0.865). Conversely, sev-
eral factors were associated with greater odds of nonadherence,
including female sex (OR 1.885; 95% CI: 1.116, 3.183), age
group 45-54 (OR 2.345; 95% CI: 1.097, 5.017) referent to
<44, and index biologic of certolizumab (OR 4.827; 95% CI:
1.195, 19.488).

Model Performance

Receiver operating characteristic curves assessing classifica-
tion performance for all models on training and test datasets
are available in Supplementary Figures 2 and 3. Based upon
AUC when applied to testing data, the highest-performing
models from each algorithm type were selected for compar-
ison (models A3, B3, C3, D6, E3, F3, G1, and H6). Among the
selected models, F3 and G1 tied for the highest AUC at 0.55
each, however, the difference from other compared models
was minimal (Figure 3).

Model performance metrics on training and test datasets
for the selected models is displayed in Table 2. On the training
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Training Dataset

Distinct beneficiaries in the MarketScan database
June 30, 2016 to June 30, 2019
(n = 47,044,675)

Exclusions First fill of any biologic*
medication
June 30, 2016 to
June 30, 2019

(n=76,557)

No first fill of biologic
medication in inclusion
period (n = 46,968,118)

< 2 outpatient AND no
inpatient claim in pre-
index period with a
diagnosis of IBD
(n=62,767)

At least 2 outpatient OR
1 inpatient claim in pre-
index period with a
diagnosis of IBD
Total gap of 30 days or (n=13,790)
more in enrollment
during pre- and post-
index periods
(n=6,023)

Continuously enrolled
with prescription
benefits during pre- and
post-index periods
(n=7,767)

< 18 years of age at
index date (n = 769)

Included in training dataset
(n = 6,998)

Test Dataset

Distinct patients filling prescriptions at UKHC
June 30, 2016 to June 30, 2022
(n=259,207)

Exclusions

First fill of any biologic*
medication
June 30, 2016 to
June 30, 2022
(n=1,075)

No first fill of biologic
medication in inclusion
period
(n=258,132)

< 18 years of age at

index date
(n=64)

No diagnosis of IBD
in pre-index period
(n=726)

18 years of age or older
at index date
(n=1,011)

Included in training dataset
(n = 285)

Figure 2. Application of inclusion and exclusion criteria to generate training and test datasets.

set, high accuracy was observed for models D6 (71.42%) and
H6 (99.94%); however, these models had similar accuracy
to other candidate models when applied to the test dataset.
Confusion matrices for all selected models are provided for
visual assessment of model accuracy (Figure 4).

In general, models trended towards low sensitivity and high
specificity on the test dataset, with the exception of model
G1 (gradient-boosted decision tree; sensitivity = 0.71; speci-
ficity = 0.36). Model G1 also featured the highest F1, F, and
negative predictive value values as compared to other models
(0.58, 0.65, and 0.59, respectively). This may be attribut-
able due to the nature of the learning algorithm, which se-
quentially builds a series of decision trees that improve upon
prior errors. This can result in overfitting to the minority/
positive case (eg, nonadherent) and result in an increase in
true and false positives. In addition to the performance met-
rics for selected models, assessment of metrics for all can-
didate models on training and test datasets are provided in
Supplementary Tables 3 and 4.

Discussion

The goal of this study was to train machine learning
models using administrative claims data to accurately pre-
dict nonadherence to self-administered biologic therapies in

patients with IBD at an academic health system. While nu-
merous associations with nonadherence to self-administered
biologic medications were observed within the initial analysis,
contrary to our main hypothesis, machine learning models
trained on data available in administrative claims databases
failed to reliably predict nonadherence in a test dataset de-
rived from an academic medical center’s patient population.
Examining the primary metric of model predictive value
(AUC) for this analysis, values of 0.5 to a model that performs
in accordance with chance, with values between 0.7 and 1
considered a model with moderate to perfect accuracy.’?> The
highest-performing models generated by this study had an
AUC of 0.55 when applied to the test dataset, suggesting lim-
ited usefulness in the prediction of nonadherence. While more
acceptable AUC values were observed on the training data for
some candidate models, they did not translate to higher per-
formance on the testing dataset, suggesting that those models
overfit training data and did not have sufficient bias to gener-
alize to new data.’

There are several possible explanations for why model
predictive performance on unseen data was low. Medication
nonadherence is a multifactorial issue, and administrative
claims data does not contain data on several known correlates
with self-administered biologic nonadherence. Datasets with
extended demographics and information on patient-specific
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Table 1. Logistic regression analysis of investigatorselected features in training and test datasets.

Applying Machine Learning Models to Predict Biologic Nonadherence

Variable Training dataset Test dataset
Beneficiaries Odds ratio  95% CI Patients Odds ratio  95% CI
(n = 6998) (2 = 285)
Adherence
Nonadherent 2680 (38.3%) - ; 134 (47.02%) - -
Index diagnosis
Crohns disease 4483 (64.06%)  0.685 (0.586,0.801) 246 (86.32%)  1.512 (0.458, 4.990)
Ulcerative colitis 3543 (50.62%) 1.123 (0.967,1.303) 63 (22.11%) 2.085 (0.799, 5.442)
Sex
Female 3665 (52.37%) 1.131 (1.022,1.252) 160 (56.14%) 1.885 (1.116, 3.183)
Age group
< 44 (referent) 3967 (56.69%) - - 187 (65.61%) - -
45-54 1494 (21.35%)  0.863 (0.756,0.986) 44 (15.44%)  2.345 (1.097,5.017)
55-64 1292 (18.46%)  0.712 (0.599, 0.846) 25 (8.77%) 2.088 (0.716, 6.084)
> 65 245 (3.5%) 0.99 (0.417,2.353) 29 (10.18%)  1.385 (0.365,5.262)
Coverage
Medicare 238 (3.4%) 0.838 (0.354,1.986) 75 (26.32%)  0.419 (0.203, 0.865)
Index biologic
Adalimumab 5940 (84.88%) - - 108 (37.89%) - -
(referent)
Golimumab 115 (1.64%) 1.003 (0.686, 1.467) 3 (1.05%) 2.169 (0.156, 30.256)
Certolizumab 136 (1.94%) 2.288 (1.612,3.248) 18 (6.32%) 4.827 (1.195, 19.488)
Ustekinumab 807 (11.53%) 1.484 (1.261, 1.746) 156 (54.74%) 0.774 (0.435,1.378)
Diagnoses
Anxiety/Depression 1347 (19.25%) 1.138 (0.998,1.298) 71 (24.91%) 0.729 (0.377,1.411)
Smoking 390 (5.57%) 1.262 (1.019,1.563) 57 (20%) 0.993 (0.494, 1.994)
Charlson comorbidity index
Mean (SD) 0.91 (1.3) 1.061 (1.001,1.125)  0.95 (1.5) 1.031 (0.797,1.334)
Median (IQR) 0(1) 0(1)
Prior IBD therapies
Infliximab 706 (10.09%) 0.995 (0.841,1.175) 32 (11.23%) 1.224 (0.529,2.831)
Vedolizumab 244 (3.49%) 1.324 (1.011,1.734) 24 (8.42%) 1.18 (0.444,3.137)
Aminosalicylates 3134 (44.78%)  0.919 (0.820,1.031) 3 (1.05%)
Mercaptopurines 515 (7.36%) 0.756 (0.62,0.92) 1(0.35%) - ;
Azathioprine 899 (12.85%)  0.763 (0.653,0.891) 5 (1.75%) 0.211 (0.017, 2.6)
Budesonide 1649 (23.56%)  0.941 (0.835,1.060) 9 (3.16%) 0.466 (0.067, 3.26)
Methotrexate 342 (4.89%) 0.939 (0.742,1.189) 5 (1.75%) 1.515 (0.099,23.222)
Inpatient admissions
Any inpatient admission 1469 (20.99%)  1.149 (1.014,1.302) 100 (35.09%)  1.479 (0.773,2.828)
Outpatient encounters
Mean (SD) 12.1 (9.5) 0.998 (0.992,1.004)  14.5 (9.5) 0.993 (0.968,1.019)
Median (IQR) 10 (9) 10 (12)
Medication utilization
Nonadherent to prior 673 (9.62%) 1.033 (0.874,1.220) 1(0.35%) - -
therapy
Chronic opioid use 289 (4.13%) 1.211 (0.942,1.557 1(0.35%) - -
Dual therapy with 2067 (29.54%)  0.889 (0.789,1.001) 13 (4.56%) 2.63 (0.478, 14.477)
anti-inflammatory
Number of medications
Mean (SD) 6.7 (4.5) 1.012 (0.998,1.027) 1.5(2.8) 1.053 (0.916, 1.212)
Median (IQR) 6 (6) 0(2)
Prednisone milligram equivalents dispensed
Mean (SD) 1465 (18217) 1 (1,1) 54 (264) 0.999 (0.998,1.001)
Median (IQR) 160 (1260) 0(0)

CI, confidence interval; IQR, interquartile range; SD, standard deviation. Odds ratios and 95% CI obtained a logistic regression model predicting
nonadherence and incorporating all examined investigator-specified variables with no additional feature engineering. * indicates the 95% confidence

interval was outside of interpretable range.



Rhudy et al.
Best Models Test AUROC
1.0 4
-~
s
>
0.8 -
>
-
.
"
’,’
r”
L 0.6
]
o
)
E] I
&
(1)
3 -
= e
;”
0.4
’,”
—— A3 (AUROC = 0.53)
0.2 ~—— B3 (AUROC = 0.53)
= C3 (AUROC = 0.53)
—— D6 (AUROC = 0.54)
—— E3 (AUROC = 0.53)
I —— F3 (AUROC = 0.55)
~—— G1 (AUROC = 0.55)
~—— H6 (AUROC = 0.53)
0.0
0.0 0.2 1.0

False Positive Rate

Figure 3. Comparison of receiver operating characteristic curves for selected high-performing models.

Table 2. Predictive performance measures for highest-performing models.

Model performance on training dataset

Measure A3 B3 C3 D6 E3 F3 G1 Hé
Accuracy 55.94% 55.56% 55.72% 71.42% 55.99% 60.77% 61.66% 99.94%
F1 score 0.50 0.50 0.50 0.55 0.50 0.54 0.55 1.00
F, score (B =2) 0.54 0.54 0.54 0.48 0.54 0.57 0.58 1.00
Brier score 0.24 0.24 0.24 0.18 0.23 0.23 0.23 0.00
Sensitivity 0.57 0.58 0.58 0.45 0.57 0.59 0.61 1.00
Specificity 0.55 0.54 0.54 0.88 0.55 0.62 0.62 1.00
Precision 0.44 0.44 0.44 0.70 0.44 0.49 0.50 1.00
Negative predictive value 0.68 0.67 0.67 0.72 0.68 0.71 0.72 1.00
Model performance on test dataset

Measure A3 B3 C3 D6 E3 F3 G1 He6
Accuracy 52.98% 53.33% 52.98% 54.39% 52.98% 52.63% 52.63% 54.39%
F1 score 0.47 0.48 0.48 0.38 0.47 0.42 0.58 0.41
F, score (f=2) 0.46 0.46 0.46 0.33 0.46 0.38 0.65 0.36
Brier score 0.25 0.25 0.25 0.29 0.25 0.25 0.25 0.41
Sensitivity 0.45 0.46 0.46 0.30 0.45 0.36 0.71 0.34
Specificity 0.60 0.60 0.60 0.76 0.60 0.68 0.36 0.73
Precision 0.50 0.50 0.50 0.53 0.50 0.49 0.50 0.52
Negative predictive value 0.55 0.55 0.55 0.55 0.55 0.54 0.59 0.55
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Figure 4. Confusion matrices for selected models.

social determinants of health, including race/ethnicity, in-
come, and education level might provide additional predic-
tive value to train more accurate models.>**37 In addition,
patient health literacy and disease-related knowledge are
known to have a significant correlation with medication ad-
herence, although this factor is much more difficult to accu-
rately assess and collect at a large scale.!®!%3%3% Furthermore,
no clinical context is available in administrative claims data,
such as provider assessments, imaging and procedure studies,
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laboratory values, and others that have been used in success-
fully training models to predict adherence in IBD previously.'¢
Other studies using machine learning methodology trained on
MarketScan data to predict adherence had similar difficulties
identifying nonadherence.'® Future investigations should con-
sider model training in enriched data sources, including elec-
tronic medical records or administrative claims data sources
with additional socioeconomic and demographic variables.
Additionally, assessments of health literacy or IBD-specific
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knowledge or beliefs may be necessary for predictive models
to accurately classify the risk of nonadherence, although the
collection of such data is not widespread.

Upon closer examination of the additional metrics of model
fit, in general, models trended towards low sensitivity and
high specificity (ie, a tendency towards false positives rather
than false negatives). Several of the candidate models in series
F and G (decision trees and gradient-boosted decision trees)
eschewed this trend, most notably candidate model G1 with
higher sensitivity and low specificity. As we ultimately aim
to identify patients at risk for nonadherence to biological
medications, a model with higher sensitivity is preferred,
as potential interventions (additional education/behavioral
interventions) are likely to be inexpensive and the risk of pos-
itive misidentification is unlikely to pose a significant risk to
the patient.3**

While model performance in predicting nonadherence in
this study was low, potential insights for future studies can
be gleaned. In contrast to prior literature suggesting increased
risk, a diagnosis of Crohn’s disease was observed to be asso-
ciated with a significantly lower risk of nonadherence.'? This
suggests that the relationship between IBD diagnosis and bi-
ological nonadherence may involve relationships with other
relevant correlates and should be more thoroughly explored
in additional literature. Additionally, the highest-performing
models in this analysis were trained from the investigator-
only dataset, and utilized primary components analysis (PCA)
dimensionality reduction as part of data preprocessing. The
greater performance of the investigator-specified feature set
suggests that the additional CCSR and GPI columns added
no net information gain at best, and at worst, generated ad-
ditional noise in the models. Omission of these columns, or a
more targeted approach to selection in the future is likely ap-
propriate. Furthermore, use of PCA to reduce training dataset
noise and improve future models appears appropriate. In con-
sideration of the numerous causes of nonadherence, dimen-
sionality reduction with PCA or another mechanism is likely
necessary.

Strengths of this study include the use of a large training
dataset, which typically increases the likelihood of creating
more generalizable models. In addition, utilizing multiple ma-
chine learning algorithms and feature engineering approaches
to detect nonadherence ensures that conclusions are not based
upon the failure of a single approach.

Weaknesses of this study include the inability to train
models on extended demographic and clinical data due to
the limitations of administrative claims data, which may
have prevented a suitable model from being constructed. This
study was also unable to include an evaluation of dosing in-
terval as a possible predictor of nonadherence.

Additionally, it is possible the use of 2 distinct data sources
contributed in part to poor model performance on test
datasets. The training and test datasets substantially differed
in the distribution of demographic and clinical data. As well,
missing external dispense data may have limited identifica-
tion of medication-related features in the testing dataset.
While potentially representative of available data in many
practice locations, this limits the predictive potential of a
model trained with more comprehensive dispensing histories.
Training models on a dataset more similar to (or drawn di-
rectly from) the target population in the future may improve
predictive performance in that population.

In conclusion, machine learning models trained on admin-
istrative claims data were unable to accurately predict med-
ication nonadherence in patients self-administering biologics
for IBD in a tertiary academic medical center patient popu-
lation. Future research into training models should consider
training in datasets with additional demographic and disease-
state relevant variables, while omitting excessive information
on unrelated diagnoses or medication dispenses.

Supplementary Data

Supplementary data are available at Crobn’s & Colitis 360
online.
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