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Standard Data Layout
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Generalized Linear Mixed Model (GLMM)

g(
t |

3yl X]) = XB + Za

link function |

fixed effects random effects



-\7_/

. [ ]
GLMM Limitations g(Ely|X]) = X8+ Za
e Therandom part Za is strictly linear and additive.
e Assumes observations in different clusters are independent
e Can only use the fixed effects to make out-of-sample predictions.
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Tree Based Methods
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Figure 1
g (#) An example binary tree, with internal nodes labeled by their splitting rules and leaf nodes labeled with the
o corresponding parameters u,. () The corresponding partition of the sample space and the step function
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Overarching Goal

e Some work has been done to combine the mixed modeling
approach of GLMMs and predictive performance of tree based
methods:

o Mixed Effects Regression Trees (MERT), (Hajjem 2011)
o Mixed Effects Regression Forest (MERF), (Hajjem 2014)
o mixed BART, (Spanbauer 2021)
e However, they all fail to address the third limitation of GLMMSs in

that they cannot predict out-of-sample.

Our Goal: Develop a tree-based method with good predictive
performance on out-of-sample groups.
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Fig. 2: Mean squared error (MSE) over a range of noise values o, for settings where
U = 1. The scale of the response variable y is standardized. Each boxplot represents
MSE values across 20 simulated data sets. Simulations were performed for the settings
n =10, K =40 (left), n = K = 20 (center), and n =40 K = 10, (right).
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The Cancer Genome Atlas (TCGA)

e Sarcoma - Cancer of connective tissues, including bone, nerve, cartilage,
muscle, fat, and vasculature.
o Rare (less than 1% of adult cancers), sarcoma patients have
historically been grouped together in clinical trials.
o However, there is a strong interest in identifying treatments that may
f benefit specific subgroups.
e \We attempt to predict the relative abundance of T-cells, as a key marker

associated with response to immunotherapy.
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Data: (206 patients x 37 Features)

7 Subtypes of Sarcoma:
e 80 leiomyosarcoma (LMS)

o 53 soft tissue LMS (STLMS)
o 27 gynecologic LMS (ULMS)
e 50 dedifferentiated liposarcoma
(DDLPS)
e 44 undifferentiated pleomorphic
sarcoma (UPS)
e 17 myxofibrosarcoma (MFS)
10 synovial sarcoma (SS)
e 5 malignant peripheral nerve sheath
tumor (MPNST)



Comparison of Methods on TCGA Sarcoma Data
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Summary

> Clustered data are incredibly common in clinical,
education, and social science research.
> Our work shows that constructing decision trees and

forests can be improved when clustered or grouped
observations are present.

> Furthermore, our method performs well out-of-sample in
both simulated and real-world data problems.
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