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Dear Dr. Eberlein,

We read with interest the recent publication by Liu et al. which validates the work of
multiple previous researchers showing superior accuracy for a machine learning algorithm,
gradient boosting (XGB), compared with traditional logistic regression (1-4) in predicting
post-operative complications. We agree that the improved accuracy afforded by XGB
algorithm supports its use as the American College of Surgeons (ACS) Surgical Risk
Calculator.

However, we suggest three important points for consideration. First, the authors maintain
that a single model for all operations is better than procedure-specific models for simplicity,
ease of use, and updating. However, this approach masks some deficiencies in predicting
procedure-specific outcomes. For example, while the model may show high discriminatory
accuracy between procedures (i.e. risk of surgical site infection (SSI) between hernia repair
and colectomy), it shows poor accuracy within specific procedures, which is far more
useful to individual patients and surgeons. In the initial publication describing the ACS
Surgical Risk Calculator, the area under the receiver operating characteristic curve was
0.82 for predicting SSI overall but dropped to 0.65 for colectomy specifically (5). This
discrepancy has been validated in external cohorts (6). We hope that procedure-specific
model development is considered for future iterations of the ACS Surgical Risk Calculator.

Second, the authors note that one downside of XGB is that it is less interpretable compared
with logistic regression. We agree but note that important advancements have been

made in machine learning interpretability and that specific approaches, especially Shapley
additive explanations, can be very helpful in interpreting XGB. In fact, both the European
Union General Data Protection Regulation (GDPR) and the United States Food and Drug
Association (FDA) have emphasized the importance of machine learning interpretability for
decision-support tools in healthcare.

Third, and most importantly, the authors should publish their code. This allows external
machine learning researchers to learn from, improve, and validate the ACS Surgical Risk
Calculator. Making the code public would help the ACS overcome the limitations of having
a relatively small research team in developing procedure-specific models and allow input
from machine learning interpretability specialists. Open-source development is a broadly
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successful approach, even used by XGB itself (https://github.com/dmlc/xgboost). Because of
these factors, publishing code is recommended by the International Committee of Medical
Journal Editors (ICJME), which the Journal of the American College of Surgeons endorses.

In summary, we applaud Liu et al. in adding credence to the mounting evidence showing
improved predictive accuracy for machine learning approaches. We agree that XGB is a
suitable replacement for the current ACS Surgical Risk Calculator. However, we believe
that open-source development of procedure-specific models, with interpretability analyses,
will be of greater benefit to the surgeons and patients who use the ACS Surgical Risk
Calculator’s predictions.
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