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Receipt of timely surgery for women with breast cancer 
is critical to survival. Labilloy et al. investigated factors 
associated with non-adherence to timely surgery among 
women who were diagnosed with stage 0–III breast cancer 
and were treated at the University of Florida Health 
Hospital in Jacksonville, FL, USA based on data from 
electronic health records and the hospital’s tumor registry (1).  
From the results of machine learning models, the authors 
concluded that area deprivation index (ADI) was the 
most important variable among demographic (race and 
age), clinical (stage at diagnosis and type of surgery), and 
socioeconomic (insurance type and ADI) risk factors in 
predicting non-adherence to timely surgery.

Multiple studies have uncovered that socioeconomic 
status (SES) might have surpassed demographic and clinical 
risk factors in determining the receipt of surgery among 
women with breast cancer (2,3). The results from Labilloy 
et al.’s study reinforced these findings by using ADI, a 
composite index of SES calculated from 17 census variables 
covering domains of education, employment, income, 
housing (costs and crowding), and transportation access (4) 
at the block group level which generally contains between 
600 and 3,000 people. In their study, ADI was classified 
as high (top 40%, or more deprived) vs. low (bottom 
60%, or less deprived) among all block groups in Florida, 
indicating a rather crude surrogate for individual-level SES. 
Nevertheless, ADI was still identified as the most important 

variable in predicting non-adherence to timely breast cancer 
surgery. Recent studies also identified strong associations 
between ADI and breast cancer screening (5), late-stage 
diagnosis (6), and survival (7) in larger US populations. 
Findings from these studies suggest that women with 
breast cancer living in deprived areas with low SES might 
have been disadvantaged at all segments along the breast 
cancer care continuum, from prevention and screening to 
diagnosis, treatment, and survivorship care.

As discussed, ADI has been shown to be an effective 
indicator of SES in its association with breast cancer 
outcomes. As a composite index, ADI has the advantage 
of reflecting the multidimensional characteristics of a 
community’s socioeconomic position (4). However, it is 
unclear which dimensions of SES in ADI played a key 
role in these associations. This limits the value of ADI 
for researchers and practitioners who aim to design 
interventions to improve inequities in breast cancer care.

One approach to mitigate this limitation of ADI is to 
include non-composite SES variables in tree-based ensemble 
machine learning models such as the AdaBoost and random 
forest algorithms. An advantage of these models is that 
they can incorporate many predictors without concerns 
about correlations between them, or the multicollinearity 
problem, leading to less reliable statistical inferences 
as often found in conventional statistical methods. By 
including additional SES variables as predictors, we would 
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Figure 1 Variable importance and direction of association of risk factors in predicting early-onset colorectal cancer incidence rates among 
US counties. Notes: (I) The most important variable is set to 100%. The importance of the rest of the variables is scaled relative to the most 
important variable; (II) variable importance is determined by random forest analysis, and direction of association is determined by Pearson’s 
correlation coefficient; (III) categories of variable importance (i.e., high to low) was classified by the Jenks natural breaks method. Adapted 
from Dong et al. [2023] (8). SNAP, Supplemental Nutrition Assistance Program.

know which SES variables are more important than others, 
including ADI, from the variable importance measure.

One caveat of the tree-based ensemble models of 
AdaBoost and random forest is that they act like a black 
box, where we cannot capture traditional statistical 
measures such as coefficient, odds ratio, and even direction 
of the association (i.e., whether a predictor is positively or 
negatively associated with the outcome). To mitigate this 
limitation, one can use the direction of association from the 
Pearson’s correlation coefficient in combination with the 
variable importance measure from the machine learning 
model, such as the one presented in Figure 1 in predicting 
early-onset colorectal cancer incidence rate in a recent 
study using random forest analysis (8). 

A recent study adopted a novel approach to identifying 
county phenotypes of late-stage breast cancer (LSBC) 
by using the classification and regression tree (CART) 
algorithm (6). In Figure 2, each path down to a terminal 
node represents a phenotype of LSBC. For example, with 

the highest risk of LSBC (median percentage of LSBC: 
40.1%), phenotype 7 was characterized as counties having 
more uninsured middle-aged women (>11.6%), a greater 
area deprivation (ADI >99.7), and more people under 
poverty (>26.1%). In contrast, the lowest risk phenotype of 
LSBC (phenotype 1, median percentage of LSBC: 30.6%) 
can be characterized as counties having fewer uninsured 
middle-aged women (≤11.6%) and a higher rate of 
screening mammography (>68.1%). This CART approach 
not only identifies important variables, but also classifies 
observations according to their distinct phenotypes, or 
combination of characteristics associated with LSBC. 
This phenotype approach was also adopted in other health 
outcomes including premature cardiovascular disease (9) 
and self-reported fair/poor health status (10).

In summary, by using novel machine learning approaches, 
Labilloy et al.’s study suggests that the community-level ADI 
was the most important variable in predicting non-adherence 
to timely breast cancer surgery when individual-level 
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Figure 2 Classification and regression tree analysis in predicting county-level percentage of LSBC. Each path down to a terminal node 
represents a phenotype of LSBC. Box plots in the terminal nodes represent the percentages of LSBC among US counties. Adapted from 
Dong et al. [2022] (6). LSBC, late-stage breast cancer.

demographic and clinical factors were also considered (1).  
While medical care is estimated to account for only 10–20% 
of the modifiable contributors to health outcomes for a 
population (11), Labilloy et al. demonstrate that social 
determinants of health (SDOH) also play a key role in the 
receipt of medical care, suggesting that SDOH and medical 
care influence the health of our population interactively. 
This study can be improved, however, by including non-
composite SES variables in the machine learning models and 
by using an alternative approach to identify phenotypes of 
non-adherence to timely breast cancer surgery using CART 
analysis, as mentioned above. Future studies should consider 
using individual-level SDOH, such as data from the data 
analytics platform LexisNexis (12), to better understand the 
mechanisms at play in cancer outcomes.
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