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Abstract: /nadequate coding of self-harm in US administrative claims data poses a major
challenge to perform time-to-event comparative effectiveness pharmacotherapy studies with

XGboost model Validation method Dataset Accuracy McCC AUC-ROC
self-harm as the outcome, as well as to estimate the prevalence of these events. We aimed to " All ICD-9Proc and CPT4 codes were mapped to ICD-10PCS equivalents. ldotamodel 5-fold cross-validation Full dataset with 20M meta-visits. 0.9604x103  0.297+2x10¢  0.990+4x10-
use machine learning (ML) based models to impute uncoded self-harm in administrative  ® All ICD-9CM and ICD-10CM diagnosis codes were mapped to SNOMED equivalents. repeated 10 times. ——— . _
claims data of individuals with major mental illness (MMI), characterize self-harm incidence, " Only the XGBoost model was built on the “full dataset” comprising all 20M meta-visits. Per-person-model 5-fold cross-validation. meta-visit per person.
and identify factors associated with coding bias. Our ML imputation results show that only a " XGBoost, Logistic Regression, Random Forest, Decision Tree, and LinearSVC were trained and tested 5-fold cross-validation on the ~ 70% random meta-visits from the full dataset. 0.964 0.298 0.991
small fraction (1/19) of self-harm events were coded in claims data for individuals with MM, on a smaller “Balanced dataset” comprising all 83,113 class "1" meta-visits and a randomly selected Validation-model tT;aS::gg::tt'heva“ e T e e e fe 0,563 0256 0,550
and ML models can effectively identify the uncoded events. Self-harm undercoding was 83,113 class "0" metavisits. e o s Balanced dataset with 166K meta-visits. 0.964+2x104  0.928+4x104  0.991+4x10+
higher in males than females and increased with age. Except for years 2010 and 2013, the " To validate ML models and to verify we were not overfitting, multiple approaches were used (Figurel) repeated 100 times.
incidence of both coded and imputed self-harm continuously increased after 2006. * “par-person model”: to ensure no within-individual information leakage was occurring. palanced dutoset, o mistabeledn the no0e o oo

* “Validation model”: to confirm classification performance was not due to overfitting. Mislabeled-data-model Q0. S NaEaNON | o Half of the class "0" meta-visits mislabeled in the 0.963 0.926 0.991

Backg round * “Mislabeled-data-model” and “Mislabeled-full-data-model”: to validate recovery of uncoded self- L bertormance, o :::Zi::::::tl S——— . . _

harm. model dataset,

Suicide is one of the top ten leading causes of death in the United States? and suicide . “Coding-bias.-model”: to find which variables were associated with highly certain imputed self-harm Coding-bias-model S OB EERES Lt U210t L
attempts/self-harm are common manifestations of MMI (bipolar disorder, schizophrenia, 5ases not b?mg coded;’ . _ . Balanced dataset. Only “Condition” covariates. 0.957 0.914 0.988
schizoaffective disorder, and major depressive disorder)’. Prior studies have shown . FuII.-f.actc.)rlaI-modeIs : to determine the classes of covariates that contributed most to the Balanced dataset. Only “Hand-curated” covariates. 0.927 0.853 0.977
underreporting and incomplete coding of suicidality/self-harm in US administrative claims ﬁlassnﬁcahon pe’r’forman.ce of ML models.. o . . . ::Z:Z:: :ZZE: g::yS:;f;:iiP:ZTaTatzvanates 2:? 2; 2:2
data®s, which has posed a major obstacle in having sufficient power to estimate event . GQId Standarq : to validate the ML c!assnﬁcahons using t.he.expertlse of 3 clinicians. | S PR, o Omz BN o o -
prevalence and to perform time-to-event comparative effectiveness pharmacotherapy " Detailed comparisons of coded vgrsus imputed self-harm incidence were made by patient age, sex, Balanced dataset. Only “Measurement” covariates. 0.589 0.245 0.594
studies. It was shown that suicidal ideation was only noted in 25% of patient charts®, with MMI category, and US state of residence. Balanced dataset. Only “Drug” covariates. 0.550 0.152 0.586
Balanced dataset. Only “Device” covariates. 0.516 0.099 0.514

only 3% of suicidal ideation and 19% of suicide attempts coded’. We present our machine

learning approach for |mput|ng self-harm at the visit-level. We also report coded versus Table 1. Classification results for different XGboost-based classification models on different subsets of meta-visits of patients with MMI. The results

for the “Full-data-model” and the “Balanced-data-model” are shown with 80% and 90% confidence intervals, respectively. MCC - Matthews

imputed incidence of self—harm, and factors associated with self-harm coding discrepancies. correlation coefficient. AUC-ROC -Receiver Operating Characteristic Area Under the Curve.
To our knowledge, this is the first study describing coded versus imputed incidence of self- = gglected 20M meta-visits had 6,037,479 unique patients (31.9% males and 68.1% females) Machine | XGboost  XGboost Logistic 'Random DecisionTree 'LinearSVC  Table 2. Classification results for 5 different ML
) ) ) learning balanced- balanced- Regression  Forest : L
harm. " _ _ " cpeye ) AN 0 model/ data-model  data-model algorithms on the balanced dataset of meta-visits of
" The XGboost "Full-data-model" probabilities of self-harm (Class “1”) summed to 1,592,703 (7.66%). performance with " data o vatients with MMI, using five-fold-cross-validation
" Overall imputed annual incidence was 5.34%, whereas the coded annual incidence was 0.28%. R T L with 100 repetitions, reported with 90% confidence

intervals. MCC - Matthews correlation coefficient.

" Out of 83,113 meta-visits coded for self-harm, 79,882 (96.11%) had class “1” probability >0.5 and AUC-ROC -Receiver Operating Characteristic Area
. Accuracy 0.964+2x10+ 0.961+2x10+ 0.963+3x10+4 0.946+1x103 0.947+7x104  0.959+3x10-
_ , , 62.929 (75.71%) had Class “1” orobabilitv >0.95. Under the Curve. XGBoost was selected for its high
" IBM Health Analytics MarketScan® commercial claims and encounters database. ’ ( °) . P UL y » . . Mcc 092820101 0.92224x10¢  0.92620x10% 0.89223102  0.8962102 09192540y scification performance and fast runtime on large
[ 0)
= 10.120.030 (32 9% males and 67.1% femaleS) CommerCia”y insured US individuals (age <= Out of 185,234 covariates used to build the “Full-data-model , Only 2,205 (119/0) had relative galn >0. AUC-ROC 0.991#4x104 0.990+2x10+ 0.990+1x10+ 0.982+6x104 0.948+7x10+  0.988+1x104  Jgtgsets.
Vi ) * ° - P . . . . . . . . . .
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5 Validation via XGboos 2 Gboos | ecorery o1 95.10% Figure 2. The annual coded vs. imputed incidence of meta-visits with self- ~ Figure 3. The annual coded vs. imputed incidence of meta-visits with self-  w ga|f_harm incidence varied considerably by age, gender, and among MMI categories.
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” g ) . | ) ine). Self-harm rates have genera_y risen sinee with male self-harm of high risk. Male self-harm goes undercoded more than female self-harm. 1. WISQARS Leading Causes of Death Reports. https://webappa.cdc.gov/sasweb/ncipc/leadcaus10_us.html (accessed 26 Mar 2019).
< Ebloring covariate dlasses: = XGhoost “Validation model” | — ) — \ undercoded more than female self-harm. : _
< Full-factorfalanalysis, including > (Full dataset: 30% training set + 70% | No °"ef-f'tt'f{;:?\::;;t;:ir;:‘eakage within 2. WISQARS Fatal Injury Reports. https://webappa.cdc.gov/sasweb/ncipc/mortrate10_us.html (accessed 26 Mar 2019).
el L “Balanced data-model” ) N testing set) J | / . 3. Canner JK, Giuliano K, Selvarajah S, Hammond ER, Schneider EB. Emergency department visits for attempted suicide and self harm
r : L . 2ELL A GRR ] SR IR i A S in the USA: 2006-2013. Epidemiology and psychiatric sciences. 2018 Feb;27(1):94-102.
Withi‘éma:t'::;ard,, : >\ Classification overlap is 83.5%. } Classifier Full-data-model  Clinician1  Clinician2  Clinician3 Gold Standard Table :’: Tll;le pairwise agre”ement between jch.e'XGboost ”FL'JII-data- 4. Bethell J, Rhodes AE. Identifying deliberate self-harm in emergency department data. Health reports. 2009 Jun 1;20(2):35.
Full-data-model ~ 1.00 0.81 0.80 0.78 0.84 erS:rlwc’e SfOISeI:tr?anrcrlr?r(:vv’itr?ngo Ehrefober;:i'a)nsinrz%%rd;;geczzz 5. LeMier M, Cummings P, West TA. Accuracy of external cause of injury codes reported in Washington State hospital discharge
Figure 1. Overall study design. The “full dataset” and the “balanced dataset” were created for ML models using meta-visits. Five different Clinician 1 0.81 1.00 0.77 0.88 0.88 :)neta-visits of patients with MMI plnter-ratZr agreement was records. Injury Prevention. 2001 Dec 1;7(4):334-8.
ML algorithms were tested on the balanced dataset, whereas only the XGboost algorithm was chosen to build the “Full-data-model”. Clinician 2 0.80 0.77 1.00 0.76 0.86 comparable between machine lear/;ing individual clinicians. and 6. Kemball RS, Gasgarth R, Johnson B, Patil M, Houry D. Unrecognized suicidal ideation in ED patients: are we missing an
Because our study was limited to a single dataset, several experimental approaches (“Mislabeled-data-model”, “Mislabeled-full-data- Clinician 3 0.79 0.88 0.76 1.00 0.87 the “Gold standard”. ’ ’ opportunity?. The American journal of emergency medicine. 2008 Jul 1;26(6):701-5.
model”, ”per—person.—model”, and ”\(ahdahon-model”) were used to validate ML models a.nd to verify Ehat ML mo'dels were ’r’1ot overfitted. P et — 0.84 0.88 0.86 0.87 1.00 7. Anderson HD, Pace WD, Brandt E, Nielsen RD, Allen RR, Libby AM, West DR, Valuck RJ. Monitoring suicidal patients in primary care
The classes of covariates that contributed most to the model performance were determined by the “Full-factorial-models” and features using electronic health records. J Am Board Fam Med. 2015 Jan 1;28(1):65-71.

associated with uncoded self-harm via building the “Coding-bias-model”. A clinician-derived “Gold-standard” was also used to validate
the predictions of the “Full-data-model”.
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