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Letter to the Editor — Cheng et al. provide valuable in-
sights into oncology emergency service planning through a
7.5-year time-series analysis [1]. While their finding that
oncology emergencies are shaped by calendar factors rather
than weather extremes is compelling, the claim of weather
insensitivity warrants further methodological scrutiny.
They use a distributed lag nonlinear model (DLNM), which
effectively captures delayed and nonlinear effects of indi-
vidual meteorological variables [2]. However, as a para-
metric method requiring predefined functional forms and
assuming predictor independence, DLNM is limited in
modelling complex, synergistic interactions among
weather variables—such as wind chill (temperature x wind
speed) or heat stress (temperature x humidity)—known to
affect health outcomes [3,4].

Notably, the authors report nonsignificant increases of
3—6% in oncology presentations during temperature ex-
tremes. While inconclusive in isolation, such signals may
reflect broader, unmodelled synergistic effects that models
assuming predictor independence cannot detect. DLNM
accommodates nonlinear exposure-response relationships
but does not inherently capture multivariate nonlinear
dependencies without extensive customisation [5,6]. In
dynamic systems like weather, where variables interact
unpredictably, parametric assumptions may oversimplify
reality and obscure meaningful signals.

To address this limitation, future studies should consider
nonparametric, data-driven approaches, such as unsuper-
vised feature selection (eg, Feature Agglomeration and Highly
Variable Gene Selection) [7,8] and rank-based correlation
methods (eg, Spearman’s rho and Kendall’s tau) [9,10], which
may better reflect the complexity of environmental systems.
These methods can complement DLNM or replace it where
parametric constraints hinder interpretability. Additionally,
model-agnostic interpretability frameworks may help
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quantify uncertainty and assess feature relevance in complex
systems.

In conclusion, while Cheng et al.’s study offers a strong
foundation for calendar-based staffing, advancing meteo-
rological modelling beyond parametric frameworks is
essential for accurate demand forecasting—especially un-
der growing climate variability. This evolution is vital to
protect vulnerable patients, such as those with cancer, in
an era of climatic uncertainty.
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