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To the Editor,
Tourkmani et al. developed a novel literature-informed ensem-
ble framework, integrating Light Gradient Boosting Machine 
(LightGBM) and CoxBoost, to predict the three-year risk of di-
abetic kidney disease (DKD). Recognizing the substantial clin-
ical and economic burden of DKD globally, their methodology 
utilized an extensive cohort of 18 742 patients with type 2 dia-
betes derived from a Saudi Arabian registry [1]. By strategically 
employing Bayesian multiple imputation to handle missing vari-
ables through the integration of external evidence and utilizing 
SHapley Additive exPlanation (SHAP) for model interpretabil-
ity, they identified key predictors such as estimated glomeru-
lar filtration rate (eGFR) and albumin-creatinine ratio (ACR). 
The ensemble models demonstrated substantial performance, 
achieving an area under the receiver operating characteristic 
curve (AUROC) of 0.852 and a calibration slope of 0.98 across 
both temporal and multi-trial validation analyses. However, 
while their comprehensive approach demonstrates strong pre-
dictive capability and readiness for clinical implementation as a 
decision-support tool, the methodological utility and reliability 
of the resulting feature importance warrant further discussion.

This concern stems from underlying analytical pipeline arte-
facts that may inadvertently limit the clinical translatability and 
therapeutic actionability of such sophisticated risk models [2, 3]. 
Overreliance on global model accuracy metrics to justify vari-
able relevance is a well-documented methodological challenge 
in medical machine learning. A substantial body of literature, 
comprising over 300 peer-reviewed articles, has consistently 
demonstrated that superior predictive performance does not 

necessarily equate to correct causal attribution [4]. Importantly, 
predictive performance, feature attribution and causal inference 
represent distinct analytical concepts. Measures of model accu-
racy evaluate how well outcomes are predicted, whereas feature 
attribution methods such as SHAP describe the contribution of 
variables to model predictions; neither should be interpreted 
as direct evidence of causal relationships. Machine learning 
algorithms are fundamentally designed to optimize loss mini-
mization within a given dataset; thus, they may exploit statisti-
cal shortcuts, proxy variables or unmeasured confounders that 
merely correlate with the outcome, rather than capturing true 
pathophysiological relationships driving disease progression. 
Consequently, heavily relying on high-ranking features may not 
directly translate to causal or therapeutic inference without ad-
ditional validation, particularly if a variable's algorithmic contri-
bution to a particular prediction task is conflated with its actual 
biological aetiology.

Tree-based algorithms, notably the LightGBM component uti-
lized by Tourkmani et al. (which carries a dominant weight of 64% 
in the final ensemble), tend to emphasize continuous variables 
and those possessing high cardinality [5]. Because continuous 
variables like baseline eGFR and ACR offer numerous poten-
tial thresholds for early node splits, they can accumulate sub-
stantial importance solely due to their mathematical structure. 
This architectural tendency is pronounced in high-dimensional 
clinical datasets characterized by complex multicollinearity [6]. 
In addition, greedy splitting algorithms frequently experience 
potential masking among correlated predictors. When strongly 
correlated clinical variables are present, the algorithm may 
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disproportionately assign predictive importance to one variable 
while mathematically suppressing biologically equivalent or 
clinically relevant predictors. Within the proposed 25-feature 
‘Total Model’ evaluated in this cohort, top-ranked predictors 
frequently share complex correlations with various included 
metabolic, demographic and clinical markers. Their dominant 
placement may therefore largely reflect the algorithm's internal 
partitioning mechanics and sensitivity to variable types rather 
than their independent prognostic value, necessitating careful 
consideration absent definitive ground truth regarding their di-
rect causal roles.

Crucially, the current ensemble approach introduces meth-
odological complexities regarding the statistical handling of 
competing risks, primarily mortality and kidney transplanta-
tion—within a longitudinal cohort of patients with type 2 dia-
betes. In this demographic, cardiovascular mortality represents 
a markedly prevalent competing event that can permanently 
preclude the clinical observation of DKD onset. The framework 
employs a dichotomous handling of identical clinical events: 
treating them as non-events in the binary LightGBM com-
ponent, yet as censoring events in the CoxBoost component 
(weighted at 36%) [7]. This inconsistent approach differs from 
formal competing-risk approaches and may influence absolute 
risk estimates. By treating competing mortality as independent 
censoring, the survival component implicitly models a hypo-
thetical population where death does not occur. While they note 
the use of Fine-Gray sensitivity analysis, the primary reliance 
on this independent censoring assumption within the main 
ensemble may affect absolute risk estimation rather than fully 
characterizing cumulative incidence under competing events. 
Additionally, the manuscript does not detail a formal assess-
ment of proportional hazards assumptions. Although the models 
achieved excellent calibration in the reported validations, this 
dual handling of competing events can reduce the transportabil-
ity of absolute risk estimates to distinct populations with higher 
baseline mortality, potentially distorting the features derived 
from this modelled risk landscape [8]. Future studies should 
consider formal competing-risk approaches, such as Fine–Gray 
subdistribution hazard models and cause-specific hazard mod-
els, to avoid potential bias arising from treating mortality and 
kidney transplantation as independent censoring events. These 
methods may provide more reliable estimates of cumulative 
DKD risk and predictor effects in populations with substantial 
competing-event burdens.

While SHAP provides model-based feature importance, its out-
puts remain inherently dependent on the underlying model and 
its assumptions. The very syntax of ‘SHAP(model)’ highlights 
that the explanation is conditional on the fitted model being ex-
plained and therefore necessarily inherits its structure, biases 
and data-dependent patterns. In the present framework, feature 
rankings may also reflect the influence of literature-informed 
priors introduced during Bayesian imputation rather than en-
tirely independent algorithmic discovery. Accordingly, SHAP 
explanations should be interpreted as descriptions of model be-
haviour rather than independent evidence of pathophysiologi-
cal importance or causality [9]. In the absence of public access 
to the dataset, we instead cite prior empirical studies showing 
that feature importance measures may not reliably capture true 
underlying relationships, even in well-performing models [10]. 

This does not critique the original study but highlights a general 
limitation of model-dependent attribution methods in complex 
clinical data.

To ensure broad clinical applicability and generalizability 
across diverse populations, future analytical frameworks 
must move beyond strictly model-dependent attribution tech-
niques. Unsupervised models such as Feature Agglomeration 
and Highly Variable Gene Selection offer valuable approaches 
to dimensionality reduction, effectively grouping strongly cor-
related features or isolating the most informative predictors 
into clinically meaningful subsets [11, 12]. These algorithms 
proactively mitigate multicollinearity prior to the modelling 
phase and prevent the arbitrary masking of important clinical 
variables. Complementing these techniques with established 
non-parametric statistical methods, such as Spearman's rho and 
Kendall's tau, enables the detection of non-linear and monotonic 
associations that are strictly independent of algorithm architec-
ture or hyperparameter tuning [13]. By systematically integrat-
ing these strategies, researchers can establish a more objective, 
transparent and structurally sound foundation for identifying 
meaningful clinical predictors, thereby improving interpret-
ability and translatability in cardiovascular and renal machine 
learning research (Supporting Information).
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