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Background & Motivation

® (Claims data from health insurances are commonly constructed as categorical
variables

® The Swiss reimbursement catalogue has >60k items

® Practitioners either need to decide top-down which items to use in the model or
need to deal with the high-dimensional data

® \We propose entity embedding as an efficient alternative for high-dimensional
claims data
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Research Question

@ /s entity embedding of claims data a feasible and more efficient method than
one-hot encoding?

® Can entity embedding enhance the performance of downstream forecasting tasks?
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® Source: Groupe Mutuel (Swiss mandatory health insurer with 10% market share)

® Years: 2015-2020

All insures fulfilling
inclusion criteria
N=1281,025
T= 358,277,940

L * Exclude insures younger than
2 40 years of age

SAMPLE A
Insurees with COPD
N= 173,914

T=197,698,144 « Exclude insurees with less than
12 months of interactions
* Exclude interactions outside

SAMPLE B defined 12 month period
Used for classification Insurees with 12 consecutive

model forecasting | months of interactions
hospitalizations N= 148,815
T= 23,025,707

Used for learning entitiy
embedding model
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Categorical variables Encoding

Coding categorical variables for statistical analysis.
Example with three categories (low, middle, high)
® Running number (low=1,middle=2,high=3)
® Some methods have problems with the continuity of the numbers
® Impossible to have low and middle in one observation

® One-hot/dummy encoded encoding (low={0,0},middle={0,1},high={1,0})
® In relationship (ranking, order, hierarchy) between categories is lost
® Dimensionality increases with number of categories
© Entity embedding (low=0.1,middle=0.3,high=0.8)
® Neural Network layer that groups, into an N-dimensional space, categorical values

with similar output value.
® The spatial representation obtains intrinsic properties of each category
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Introduction to Word2Vec

® Word2Vec is a technique was introduced for natural language processing to
transforms words into continuous vector representations

® These vectors capture contextual meaning and relationships between originally
words (in our case between claims items)

® Mikolov (2013) proposes Continuous Bag of Words and Skip-gram as Word2Vec
architectures
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Architecture: Word2Vec Continuous Bag of Words (CBOW)

Predicts a target item based on its context (surrounding items).

Context Item Context Item

Target ltem
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Training Word2Vec Models

® Input layer:
2m
1
X=om ;[Wc,-] (1)
=

® Hidden layer: Word2Vec uses a neural network with a single hidden layer.

h= f(VVi7n—putX) (2)
e Qutput layer:
3\/: Woutputh (3)

® Objective function: Maximize the probability of a target item given context items

max log P(w¢|we,, we,, . . ., W,,,) (4)
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Term Frequency-Inverse Document Frequency

t(w, d) measures the frequency of occurrence of item w in one's medical history d.
Ny,d
>owedw.d

The d~1(w) quantifies the rarity of w across the entire collection.

N
) =log { )
TF-IDF combines t(w, d) and d~1(w):

t(w,d) =

tdY(w, d) = t{w, d) x d"}(w)
Combining Winputw and td=*(w, d) results in insuree vectors
F_ >~ Winputw * tdivl
> tdy!
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Evaluation: Gradient Boosting

® \We evaluate the "usefulness” of entity embedding by predicting hospitalized
exacerbations based on 12 months of information

® As a prediction model we use gradient boosting

® Gradient boosting is an efficient out-of-the box prediction methods, that requires
less tun-ing than comparable methods.

® |t builds an ensemble of decision trees sequentially, where each tree corrects the
errors of the previous ones
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Descriptive Statistics

Hospitalized Exacerbations

No Hospitalisation

Sample Size 4'029 145'714
Average number of interactions per day in 12 months 0.53 (0.63) 0.15 (0.16)
in 2 months 0.64 (0.72)
in 1 month 0.70 (0.75)
in 2 weeks 0.80 (0.80)
in 1 week 0.95 (0.86)
in 1 day 2.27 (1.41)
Share of days with interactions in 12 months 0.26 (0.24) 0.09 (0.09)
in 2 months 0.31 (0.26)
in 1 month 0.33 (0.26)
in 2 weeks 0.36 (0.27)
in 1 week 0.42 (0.27)
in 1 day 1.00 (0.00)
Share of only LA 20.45% 15.43%
Share of only SA 10.72% 9.27%
Share of SA and LA 50% 5.48%
Share neither 18.71% 69.45%
Average (standard deviation) number of unique services 113.17 (74.25) 62.02 (41.82)
Share of zeros in one-hot encoded data 99.83% 99.91%

Table 1: Descriptive statistics and data properties
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Step Description OH EE
Long to wide format  1.13 -

Entity Embedding - 2.94
Gradient Boosting 14.27 3.30
Total 1540 6.24

Table 2: Runtime in hours by step for one cross-validation fold
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Figure 1: Two-dimensional projection of entity embeddings
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Cosine rank for E65

E65A E65B E65C
1 E65C (0.127) E65C (0.125) E65B (0.125)
2 E65B (0.131) E65A (0.131) E65C (0.127)
3 42.10.30.002 (0.252)  42.10.30.002 (0.261) 42.10.30.002 (0.253)
4 7680538440221 (0.264) E40C (0.295) E77F (0.264)
5 E40C (0.280) E64C (0.305) 7680538440221 (0.311)

Table 3: Five closest items in cosine distance to base DRG E65 of hospitalized exacerbations
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Two-dimensional embeddings of insurees
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AUC of one-hot encoding and entity embedding predicting hospitalized exacerbation via
gradient boosting
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Figure 3: Receiver-operating characteristic curve
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Specificity with predefined Recall

recall EE specificity OH specificity

0.95 0.60 0.55
0.90 0.73 0.73
0.85 0.82 0.85

Table 4: Specificity with predefined recall

Note: We set for this table the recall at 0.95, 0.90 and 0.85 and report the resulted
specificity for both enity embeddded (EE) and one-hot encoded (OH) features
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Time to hospitalisation
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Figure 4: Specificity at 2 months, 1 month, 2 weeks, and 1 week prior to the hospitalized exacerbation
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Discussion and next steps

@ Implications
® A simple Word2Vec methodology on items in the Swiss reimbursement system
slightly outperforms conventional one-hot encoding using significantly less resources.
® |n a practical setting, using our prediction approach is easily implementable due to
the standardized data structure in a reimbursement system.
® Limitations
® There might be mislabelled data: Insurees with hospitalized exacerbations could
have fallen in another DRG
® The embeddings are trained on insurees with COPD and might not be generalizable
for insurees without
® Limited hyperparameter tuning in the entity embedding and the gradient boosting
© Next steps:
® Generalize on all insuree types
® Explore more advanced architectures
® Build a claims data specific evaluation metric
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