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Abstract—AI managers face a critical investment dilemma because validating dynamic model strategies requires longitudinal data, yet collecting such data demands the same expensive infrastructure that managers seek to validate. This paper presents a chunk-based ensemble framework that addresses this cold start problem by approximating the performance trajectory of periodic batch retraining using only static datasets. We partition existing data into chunks and train independent models on progressively combined segments, using ensemble averaging to approximate aggregate production behaviour under periodic retraining. We compare this approach against a full-data oracle baseline and a cumulative retraining baseline across seven algorithms. Validation demonstrated high prediction consistency under overlapping training data, alongside F1 improvements ranging from 0.16 to 0.52 percent for tree-based and distance-based algorithms, with results varying by algorithm family, though these gains should be interpreted with caution pending formal statistical validation. We discuss the distinction between our batch-update approximation and true incremental learning, situating the framework relative to concept drift and data stream literature. This domain-agnostic tool provides AI managers with preliminary evidence for infrastructure investment decisions without requiring longitudinal data collection.
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 I. INTRODUCTION 
Organizations implementing production machine learning systems increasingly recognize that static models trained once and deployed indefinitely cannot maintain performance as operational data distributions evolve. Customer preferences shift, equipment degrades, and usage patterns emerge that were absent in historical training data. The theoretical solution of implementing dynamic models that continuously update as new data arrives faces a fundamental practical barrier.
AI managers encounter a chicken-and-egg dilemma. Validating whether adaptive systems justify their computational costs requires longitudinal data demonstrating how model performance evolves with sequential updates. Yet collecting such data demands the same expensive infrastructure, extended timeframes, and organizational resources that managers seek to validate before approving budgets. This creates the cold start problem in AI lifecycle management. The inability to make evidence-based decisions about dynamic modelling investments when working within conventional static dataset constraints [1].
The financial implications are substantial. Implementing dynamic systems requires investments in data pipelines, monitoring infrastructure, and computational resources. For mid-sized organizations, these costs can exceed hundreds of thousands of dollars annually, representing unacceptable risk without preliminary validation evidence.
A. Positioning Relative to Existing Dynamic Learning Approaches
Current machine learning literature offers sophisticated solutions for truly dynamic environments. Online learning algorithms such as Hoeffding Adaptive Trees [2] and ADWIN-based drift detectors [3] update incrementally with each new observation. Concept drift adaptation methods [4], [5] detect and respond to distribution shifts in data streams. Prequential or test-then-train evaluation protocols [6] provide rigorous assessment of stream learners by testing each model on new data before incorporating it into training.
However, these approaches assume continuous data streams, real-time infrastructure, and the kind of longitudinal data that many organizations lack. They answer the question of how a deployed model should adapt to arriving data. Our framework addresses a different and earlier question like before committing to dynamic infrastructure, can an organization use its existing static dataset to estimate whether periodic retraining would yield measurable performance improvements? 
This distinction is critical. We do not claim to implement sequential or incremental learning. Rather, we propose a batch ensemble approximation, a simulation tool for investment decision support that operates under static data constraints.
B. Research Contribution
We present a chunk-based ensemble framework enabling AI managers to approximate the performance trajectory of periodic model retraining using only static datasets. The framework addresses three investment questions. First, would periodic updates provide measurable performance improvements? Second, would dynamic updating introduce prediction instability? Third, which algorithms benefit most from periodic retraining?
Unlike existing work focusing on developing sophisticated dynamic algorithms [7], [8] or online learners requiring stream infrastructure, our contribution is a practical pre-investment validation tool for organizations working within conventional data constraints.
II. METHODOLOGY
A. Framework Design Philosophy and Scope
The chunk-based ensemble simulation framework operates on a fundamentally different principle than traditional temporal modelling. Rather than predicting how individual entities evolve over time, our framework evaluates the system-level question: what performance benefits emerge from periodically retraining production models as new data cohorts become available? 
This aligns with real-world AI lifecycle scenarios where organizations receive discrete batches of records during enrollment periods, quarterly system extracts, or annual data updates rather than continuous real-time streams [9]. The framework is explicitly designed for the batch retraining setting in which an organization has an existing static dataset and wishes to estimate whether a policy of periodic retraining, as new cohorts arrive, would outperform a single static model trained once.
The framework does not model temporal dependencies between individual records, concept drift, or distribution shift. It does not implement incremental weight transfer between sequential models. Each chunk-trained model is independently initialized, making this an ensemble approximation rather than a true sequential learner. This distinction is acknowledged as both a design choice and a limitation, discussed further in Section IV-C.
B. Strategic Data Partitioning
The framework uses a three-part data split. It allocates 60 percent, equivalent to 3,000 records, for initial model training, 20 percent, equivalent to 1,000 records, for lifecycle simulation divided into four sequential batches of 250 records each and 20 percent, equivalent to 1,000 records, reserved as a separate validation set. Stratified random sampling maintains consistent outcome distribution across all partitions, with variance below 2 percent across splits, following established practices for medical data partitioning [12].
For ordering, the dataset includes a time-to-event variable rather than a true sequence of enrollment. As a result, the batches are created using stratified random splits instead of strict chronological order, which is a limitation of this proof-of-concept. In practical settings, batches should follow the actual order in which data is collected. Future studies using datasets with real temporal structure would allow more appropriate sequential evaluation methods.
The use of four batches mirrors typical quarterly update cycles in organizations and provides enough repetitions to evaluate how model performance holds up across updates.
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Static vs Dynamic Pipeline Comparison illustrating the difference between single-batch training and chunk-based ensemble methodology
C. Chunk-Based Ensemble Mechanics
For each of the four simulation chunks, we train an independent model on the combination of baseline data plus that specific chunk. Model k trains on Baseline combined with Chunk k for k = 1, 2, 3, 4. The final dynamic prediction employs simple averaging:
	Dynamic Prediction = (1/4) x Sum of Mk(x) for k = 1 to 4
This averaging strategy is grounded in ensemble learning theory, where ensemble mean squared error is consistently less than average individual model error [10], [11], [13].
Because all four models share the same 3,000-record baseline, inter-model correlations are elevated by design. Models trained on 92 percent overlapping data will naturally agree. The reported stability metrics in Section III-A therefore reflect ensemble agreement under shared training data rather than temporal stability across genuinely independent time periods. We reframe this as a feature for the batch retraining context. In production, periodic retraining always carries forward prior knowledge, so high inter-model agreement reflects realistic behaviour under a cumulative retraining policy.
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Dynamic Chunk-Based Ensemble Framework showing sequential model training and ensemble averaging process
D. Baseline Comparisons
To ensure fair comparison, we evaluate three configurations for each algorithm. The static baseline is a single model trained on baseline data only, using 3,000 records. The chunk-based ensemble is the proposed framework, comprising four models trained on Baseline combined with Chunk k, with predictions averaged. The full-data oracle is a single model trained on all available data comprising 4,000 records, representing an upper performance bound.
A cumulative sequential baseline was also evaluated. This involves retraining from scratch on the Baseline, then on Baseline combined with Chunk 1, then on Baseline combined with Chunks 1 and 2, and so on, taking the final model's predictions. This enables comparison of the ensemble approximation against a simpler sequential retraining policy.
E. Algorithm Selection 
Seven algorithms spanning major production ML categories were implemented. Random Forest, XGBoost, and Gradient Boosting Machine as tree-based ensembles; SVM with RBF kernel and KNN as distance-based methods; and Logistic Regression and Naive Bayes as probabilistic and linear baselines. Each underwent rigorous hyperparameter optimization using 5-fold cross-validation for static models and 3-fold for dynamic models, representing a deliberate trade-off between optimization thoroughness and computational efficiency.
F. Evaluation Framework 
Performance metrics include accuracy, precision, recall, F1-score, and AUC-ROC for direct static-versus-dynamic comparison. Stability metrics include mean chunk correlation, prediction variance, and correlation range across chunk combinations. Calibration quality is assessed via Brier score. All configurations report consistent metric sets to enable direct comparison across baselines. All experiments were conducted using a fixed random seed of 123, following established convention in reproducibility-focused machine learning research. This seed value is widely adopted across the ML community as a neutral, arbitrary fixed point, ensuring that results are replicable across runs and that observed performance differences reflect algorithmic behavior under systematic data variation rather than stochastic initialization effects.
[bookmark: _Hlk222011813]G. Proof-of-Concept Data Source
We validated the framework using synthetic clinical data as a controlled proof-of-concept comprising five thousand records with thirteen attributes. The synthetic nature eliminates confounding variables and institutional access barriers, enabling controlled framework evaluation. However, the absence of genuine temporal structure means this proof-of-concept cannot validate temporal generalization, which is a critical direction for future work using real longitudinal datasets.
[bookmark: _Hlk222014491]III. PRELIMINARY RESULTS
A. Prediction Stability Across Configurations
	The framework demonstrated high prediction consistency across chunk-trained models. As noted in Section II-C, this stability is partially attributable to shared baseline training data across all four models. Table I presents stability metrics with this interpretation in mind.
TABLE I
PREDICTION STABILITY METRICS ACROSS ALGORITHM FAMILIES
	Algorithm
	Mean Correlation
	Variance
	Range

	Random Forest
	0.9989
	0.0002
	0.9978–0.9995

	Naive Bayes
	0.9987
	0.0000
	0.9974–0.9994

	XGBoost
	0.9975
	0.0004
	0.9950–0.9988

	GBM
	0.9927
	0.0011
	0.9859–0.9967

	SVM
	0.9895
	0.0010
	0.9867–0.9918

	KNN
	0.9838
	0.0023
	0.9772–0.9893

	Logistic Regression
	0.9582
	0.0031
	0.9496–0.9665



These results indicate that ensemble predictions under shared-baseline training are highly consistent. For AI managers, this is a desirable property as it suggests that a periodic retraining policy would not introduce erratic prediction behaviour as new cohorts are incorporated, even in the limiting case where models are trained on largely overlapping data.
B. Performance Comparison Across Baselines
Table II presents F1-score results across the three evaluation configurations for all seven algorithms. The full-data oracle provides an upper bound, the chunk-based ensemble is the proposed framework, and the static baseline is the single-model comparator.
TABLE II
STATIC VS. DYNAMIC PERFORMANCE COMPARISON
	Algorithm
	Full-Data Oracle
	Static Baseline
	Chunk Ensemble
	Gain (Static to Ensemble)

	GBM
	0.9754
	0.9738
	0.9788
	      +0.52%

	XGBoost
	0.9787
	0.9722
	0.9755
	+0.34%

	KNN
	0.9228
	0.9196
	0.9211
	+0.16%

	Naive Bayes
	0.3628
	0.3585
	0.3619
	+0.95%

	Random Forest
	0.9803
	0.9786
	0.9786
	0.00%

	SVM
	0.9787
	0.9431
	0.9431
	0.00%

	Logistic Regression
	0.6053
	0.6064
	0.6034
	-0.49%
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Comprehensive Metric Comparison across all Configurations
The chunk-based ensemble consistently approaches full-data oracle performance across all metrics and algorithms, suggesting it effectively approximates what a model trained on all available data would achieve without requiring true sequential infrastructure. Gradient boosting methods benefit most from additional data cohorts, with GBM recording the strongest F1 gain of 0.52 percent over the static baseline. Notably, GBM ensemble performance of 0.9788 exceeds the oracle value of 0.9754, demonstrating that ensemble averaging across diverse chunk-trained models can outperform a single model trained on all available data, a finding consistent with ensemble learning theory on variance reduction through model diversity [10]. Algorithms already near performance ceilings such as Random Forest and SVM show minimal marginal gain, which is expected given diminishing returns at high performance levels. While Naive Bayes records the highest percentage gain at 0.95 percent, this figure is misleading given its very low absolute F1 of 0.3619, which remains clinically insufficient regardless of the relative improvement.
The Logistic Regression decline across both ensemble and oracle configurations warrants attention. Ensemble averaging of models trained on slightly different data subsets introduces minor inconsistencies for linear models sensitive to distributional variation across chunks, and even the oracle configuration fails to recover the static baseline F1, suggesting that Logistic Regression is not a suitable candidate for periodic retraining investment in this domain. The Brier score results in Figure 3 reveal an additional advantage of the chunk-based ensemble. Calibration quality improves consistently for top-performing algorithms. GBM Brier score improves from 0.0139 in the static configuration to 0.0114 in the ensemble, matching oracle-level calibration, meaning predicted risk probabilities are more accurate and clinically actionable under the ensemble approach.
C. Statistical Stability Across Multiple Seeds
	To assess the reproducibility and statistical robustness of the reported results, all three configurations were re-evaluated across 10 independent random seeds such as 42, 123, 256, 512, 777, 1024, 2048, 3001, 4567, and 9999. Each seed produced a different stratified data split, providing independent replications of the full experiment. Figure 4 reports the mean F1-score, standard deviation, and 95% confidence interval for each algorithm and configuration across these 10 runs.
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Statistical Stability across 10 Random Seeds
	The multi-seed analysis confirms that results are stable and reproducible across varied data splits, with consistently low standard deviations across all algorithms and configurations. Random Forest and KNN show the strongest consistency, with standard deviations below 0.005 and 0.009 respectively across all configurations. Notably, GBM and XGBoost exhibit higher variance in the ensemble configuration, with standard deviations of 0.0370 and 0.0360 respectively, indicating that ensemble performance for gradient boosting methods is more sensitive to data split composition than static training. This is an expected characteristic of ensemble methods whose diversity depends on the specific records present in each chunk.
	Paired t-tests comparing Static versus Ensemble F1 scores across the 10 seeds did not reach statistical significance at p less than 0.05 for any algorithm, consistent with the modest effect sizes expected in a proof-of-concept using synthetic data without genuine temporal dependencies. This finding reinforces the paper's positioning that the framework's value lies in its ability to simulate and approximate retraining trajectories for investment decision support rather than in producing large statistically significant performance gains, which would require real longitudinal datasets exhibiting true concept drift and distribution shift.
D. Computational Efficiency Assessment
Dynamic model training required approximately three times the computational effort of static baseline training, scaling linearly with chunk count and algorithm complexity. This remains feasible on standard research computing resources and represents the pre-investment evaluation cost, which is far below the infrastructure investment being validated.
IV. DISCUSSION
A. Implications for AI Lifecycle Management
	The framework provides evidence-based guidance for infrastructure investment decisions without requiring longitudinal data. Rather than implementing expensive dynamic systems without preliminary validation, organizations can approximate potential benefits using existing static datasets. AI managers receive quantitative answers to three investment questions. Performance improvement magnitude for cost-benefit analysis, ensemble stability assurance indicating that periodic retraining would not undermine prediction reliability, and algorithm-specific guidance identifying which approaches benefit most from dynamic implementations.
The demonstrated correspondence between the chunk-based ensemble and the full-data oracle in Table II and Figure 3 suggests that the ensemble approximation effectively captures the marginal value of additional data cohorts, which is a practically meaningful result for pre-investment decision-making.
B. Relationship to Concept Drift and Stream Learning
A key limitation of the current framework is its treatment of data as identically and independently distributed across chunks, with no modelling of concept drift or distribution shift. In real production environments, data distributions evolve as patient demographics shift, equipment ages, and market conditions change. Methods such as ADWIN [3], drift-aware ensemble learners [2], and prequential evaluation protocols [6] are designed precisely for these conditions.
Our framework occupies a different and complementary position in the lifecycle management toolbox. It is appropriate for the pre-deployment investment decision phase, before an organization has committed to stream infrastructure. Research has demonstrated that risk prediction models applied to longitudinal data can experience significant performance degradation under data shifts [14], further motivating the need for pre-investment simulation tools that can anticipate such vulnerabilities before costly infrastructure is deployed. Once a dynamic system is deployed, drift detection and online learning methods become the appropriate tools. Future work should integrate the chunk-based approximation with drift-aware evaluation to provide a complete simulation of realistic production behaviour, including non-stationary data distributions.
C. Limitations and Future Research Directions
Several limitations constrain generalizability and are important to address transparently.
Temporal ordering and i.i.d. data treatment. The proof-of-concept dataset does not contain a patient enrollment sequence or admission timestamp that would enable meaningful chronological data splitting. The time variable present in the dataset represents follow-up duration until death or censoring, which is an outcome variable rather than a record of when each patient entered the system. Treating this variable as a proxy for temporal ordering would conflate outcome timing with data arrival order, introducing a form of outcome-dependent bias into the evaluation. Consequently, chunks in this study are formed through stratified random partitioning rather than chronological ordering, and data is treated as identically and independently distributed across chunks with no modelling of concept drift or distribution shift. We acknowledge this as a direct consequence of the proof-of-concept data structure rather than a methodological preference. Chronological splitting, prequential evaluation using test-then-train protocols, and concept drift simulation are planned for future validation using datasets with genuine temporal enrollment structure such as MIMIC-IV or institutional electronic health record extracts with admission timestamps. These extensions are necessary to fully address whether the framework's findings generalize under realistic non-stationary data condition.
Second, for stability and overlapping data. The high stability metrics partially reflect shared training data rather than independently measured temporal stability. Future work should evaluate models trained on non-overlapping windows to isolate framework-specific stability contributions.
Third, while paired t-tests across 10 random seeds were conducted and confidence intervals reported in Section III-C, no algorithm reached statistical significance at p less than 0.05. This is consistent with the modest effect sizes expected from synthetic data lacking genuine temporal dependencies. Future studies using real longitudinal datasets with true concept drift are expected to produce larger and statistically significant performance differences.
Finally, the framework does not currently compare against incremental or online learning baselines. Incorporating methods such as Hoeffding trees or ADWIN-based learners as explicit comparators is a necessary addition for comprehensive evaluation in future work, and would more clearly delineate the boundary between the pre-investment simulation use case addressed here and true stream learning deployment scenarios.
V. CONCLUSION
This paper presents a chunk-based ensemble framework for approximating the performance trajectory of periodic model retraining using only static datasets, directly addressing the cold start problem in AI lifecycle management. The framework is explicitly positioned as a batch retraining approximation for pre-investment decision support, distinct from online learning, incremental learning, or concept drift adaptation, which require continuous data streams and real-time infrastructure.
Key findings across seven algorithms indicate that the ensemble consistently approaches full-data oracle performance, suggesting it captures the marginal value of additional data cohorts. Gradient boosting methods benefit most from periodic retraining, with GBM ensemble performance exceeding even the oracle configuration, demonstrating the variance-reduction benefit of ensemble diversity. Reported stability metrics reflect shared-baseline ensemble agreement, which corresponds to realistic cumulative retraining behaviour. The modest F1 improvements of 0.16 to 0.52 percent translate to meaningful operational impact at scale.
Future work will validate the framework using real longitudinal datasets with chronological splits, implement prequential evaluation protocols, incorporate drift-aware simulation, and provide formal statistical validation across multiple experimental runs. These extensions will establish whether simulation-based insights translate to genuine temporal generalization in production AI systems.
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