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influence organizational performance and adaptability. Existing decision support approaches

typically treat time allocation as a static, one-shot optimization problem, despite the fact that
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Objectives: The objective of this study is to develop and evaluate a dynamic and adaptive
decision support framework for managerial time allocation that explicitly accounts for
environmental uncertainty and temporal change. The study aims to assess whether adaptive
time-allocation policies outperform static and purely reactive approaches in terms of cumulative
value, robustness, and behavioral stability.

Methods: Managerial activities are modeled as a time-dependent portfolio, with time
allocations revised periodically using a rolling-horizon decision process. Managerial preferences
are represented through interval-valued parameters to preserve flexibility, while environmental
uncertainty is captured via stochastic states and scenario-based evaluation. The resulting
optimization problem is solved using a robustness-aware rolling-horizon evolutionary algorithm.
Performance is evaluated through simulation under multiple uncertainty regimes, including low
volatility, high volatility, shock-driven, and regime-switching environments, and compared
against static and non-robust rolling-horizon benchmarks.

Results: The results show that dynamic adaptation provides limited benefits in stable
environments but yields substantial performance improvements under volatility, shocks, and
regime changes. The proposed adaptive robust model consistently achieves higher cumulative
value and lower performance variability than benchmark approaches. Dynamic analysis further
reveals that the model selectively adapts to meaningful environmental changes while avoiding
excessive oscillations in time allocations.

Conclusions: The findings demonstrate that managerial time allocation should be supported
by adaptive, uncertainty-aware decision support systems rather than static schedules or purely
reactive adjustments. By formalizing time allocation as a dynamic portfolio problem, this work
contributes to the decision support and management science literature and provides a
foundation for intelligent systems that evolve alongside managerial environments.

Keywords: Dynamic managerial decision support; Time allocation; Environmental
uncertainty; Rolling-horizon optimization.

1. INTRODUCTION

Managerial time allocation is a core resource orchestration decision: the way managers distribute attention and effort
across strategic planning, operations, people, customers, and improvement initiatives shapes both short-term

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

14



Journal of Information Systems Engineering and Management
2026, 11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

execution and long-term adaptability. In dynamic managerial capability (DMC) research, managerial actions are
increasingly treated as micro-level mechanisms through which firms build, integrate, and reconfigure resources
under change. Recent syntheses emphasize that DMC scholarship has matured into a multi-level, multi-theme stream
centered on managerial cognition, human and social capital, and strategic change outcomes [1], [2]. This perspective
implies that managerial time allocation is not merely a personal productivity concern; it is a strategic mechanism
that conditions the organization’s ability to sense, seize, and transform in turbulent environments.

At the same time, environmental uncertainty (arising from market volatility, supply disruptions, technological shifts,
and institutional changes) has become an unavoidable context for decision-making. Systematic reviews show that
firms increasingly rely on portfolios of strategies such as anticipation, adaptation, embracing, and modification to
manage uncertainty, indicating the need for decision processes that can update as conditions evolve rather than
remain fixed [3], [4]. Empirical evidence further suggests that managers’ temporal orientation is associated with
firm-level outcomes through resource allocation mechanisms: managerial myopia can hinder resilience, whereas
forward-looking orientation can promote it, partly via differences in how resources are allocated [5], [6], [7]. Taken
together, these findings motivate a decision-support view of time allocation: what is required is not only an “optimal”
allocation at a point in time, but an adaptive allocation policy that remains effective as uncertainty materializes. Most
decision support approaches to managerial time allocation remain essentially static: they elicit preferences and
constraints, solve a one-shot optimization problem, and output recommended proportions. This logic is mismatched
with managerial reality for two reasons. First, activity values and feasible time bounds are rarely stationary; they shift
with cycle time (daily, weekly, quarterly), emergent issues, and changing strategic priorities. Second, the environment
generates shocks and signals (e.g., demand changes, operational incidents, competitor moves) that should rationally
trigger reallocation. A static recommendation can therefore be simultaneously “optimal” in model terms and
suboptimal in practice if it fails to adapt to new states of the world.

In operations research and real-time resource management, these limitations have led to wide adoption of dynamic
decision paradigms that combine receding/rolling horizons with learning or adaptive heuristics. For example, rolling-
horizon deep reinforcement learning architectures have been proposed to continuously adjust allocation and
scheduling policies within time windows, explicitly addressing task dynamism and incomplete information [8]. More
broadly, recent position work argues that reinforcement learning can function as an adaptive heuristic generator for
real-time resource management problems where handcrafted rules become brittle as complexity and uncertainty
increase [9], [10], [11]. While these contributions arise in engineering contexts, their underlying logic (continuous
feedback, state-dependent updates) and robustness—responsiveness trade-offs (maps directly onto managerial time
allocation as a dynamic portfolio decision).

This paper proposes a dynamic and adaptive decision support system for managerial time allocation under
environmental uncertainty. The core premise is that managerial activities can be modeled as a time-dependent
portfolio whose recommended allocations must be periodically revised as the environment and organizational state
evolve. Rather than producing a single “best” allocation, the system produces a sequence of allocations over time (or
a policy for generating them), using observed signals and scenario-based uncertainty representations to balance
robustness (avoid overreacting to noise) and responsiveness (react quickly to meaningful shocks). The paper’s
contributions are threefold. First, we formalize managerial time allocation as a multi-period decision problem with
time-indexed allocations, dynamic constraints, and environmental states. Second, we introduce an adaptive
optimization mechanism grounded in rolling-horizon decision-making, enabling periodic re-optimization as new
information arrives. Third, we provide an experimental evaluation framework that compares adaptive vs. static
approaches under controlled uncertainty regimes, emphasizing cumulative value and resilience metrics aligned with
contemporary discussions of managerial time orientation and firm resilience [6] and with the broader DMC agenda
emphasizing managerial mechanisms in dynamic environments [1], [2].

By shifting time allocation from a one-shot recommendation to a dynamic, uncertainty-aware decision process, this
work responds to both the strategic management call to better theorize and operationalize managerial mechanisms
under change [1], [2] and the uncertainty management literature’s emphasis on adaptive responses [3]. The
remainder of the paper is organized as follows: the next section reviews related work; Materials and Methods develops
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the dynamic model and adaptive optimization approach; Results reports comparative findings under uncertainty
scenarios; and Conclusions discusses implications and future research directions.

2. RELATED WORK

Research on managerial work has long treated time as a scarce strategic resource, with allocation patterns reflecting
priorities, organizational design, and constraints. More recent empirical work has operationalized time allocation
decisions as a form of resource allocation with measurable performance implications. For example, in a sales
management context, evidence shows that how managers divide time across competing activity categories (e.g.,
managing people, planning/analysis, customer interaction, administration) is associated with sales team
performance and varies by boundary conditions such as team experience [12]. Complementary evidence from the
broader time-management literature indicates that practices such as planning, goal setting, prioritization, and task
organization tend to correlate with productivity and well-being outcomes, reinforcing the practical importance of
allocation decisions (while also underscoring substantial heterogeneity across contexts and measurement approaches
[12]). A closely related theoretical stream emphasizes managerial attention allocation as a mechanism shaping what
decision-makers notice and act upon, and thus how firms respond to environmental change. Contemporary work
linking attention allocation with emerging technologies argues that AI-enabled sensing may shift attention allocation
toward more stimulus-driven (bottom—up) processes in the presence of discontinuous change, highlighting attention
as a dynamic and influenceable managerial capability [13], [14].

The literature about dynamic managerial capabilities provides a strategic management lens to interpret time
allocation as an actionable micro-foundation of adaptation. Recent syntheses document the expansion and
maturation of DMC research, including themes directly relevant to time/attention allocation such as managerial
cognition, biases, issue interpretation, and capability configurations [1]. A systematic review further consolidates
DMC research into a multi-level framework and emphasizes the need to better explain how managers enable strategic
change in dynamic environments [2].

Parallel research in resilience and time orientation strengthens the case for modeling time allocation dynamically.
Evidence using large-scale firm data indicates that managerial time orientation (e.g., forward-looking versus myopic
tendencies) is associated with firm resilience, partly through differences in corporate resource allocation [6], [15],
[16]. Similarly, work connecting resilience, strategic change, managerial myopia, and environmental uncertainty
suggests that uncertainty conditions how resilience-related behaviors translate into firm outcomes [17]. These
findings motivate time-allocation decision support systems that explicitly incorporate uncertainty and temporal
adaptation rather than assuming stable priorities and constraints.

Environmental uncertainty is now widely conceptualized as multifaceted and persistent, with firms deploying
portfolios of strategies to anticipate, adapt to, embrace, or mitigate uncertainty. A recent systematic review and
bibliographic analysis synthesizes this literature and proposes an integrative framework of strategies for managing
environmental uncertainties, reinforcing the need for decision processes that can be updated as uncertainty unfolds
[18], [19].

For managerial time allocation, the implication is methodological: an effective model should not only optimize under
current conditions, but also support policy revision when signals (e.g., disruptions, volatility, priority shifts) emerge.
This requirement aligns with “sequential” or “multi-period” decision formulations where the quality of a
recommendation depends on cumulative performance over time rather than one-period optimality.

In operations research and real-time decision making, rolling horizon approaches are a standard way to
operationalize adaptation: decisions are repeatedly optimized over a moving window as new information arrives.
Recent work illustrates rolling-horizon design in uncertain planning settings via scenario-based stochastic
optimization evaluated through simulation [20].

Robust optimization provides complementary machinery for uncertainty: rather than relying on a single forecast,
robust approaches aim for solutions that remain effective under parameter variation. Recent contributions include
(i) data-driven robust optimization integrated with rolling-horizon planning for supply chain settings, explicitly
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trading off stability and responsiveness (Khellaf & Guillaume, 2025), and (ii) interactive robust multiobjective
frameworks that reduce cognitive load and help decision-makers explore trade-offs under deep uncertainty [21].

A third relevant paradigm is reinforcement learning (RL) for sequential decision making under uncertainty,
increasingly used as a generator of adaptive heuristics when exact optimization is infeasible in real time. A recent
position paper outlines how deep RL can support real-time resource management by learning policies offline and
deploying them with careful validation [9]. In applied scheduling, rolling-horizon deep RL has been used to update
policies within windows to cope with dynamic arrivals and changing constraints [8]. At the theoretical interface of
robustness and RL, a recent survey reviews robust Markov decision processes (RMDPs), emphasizing ambiguity
modeling and the tractability implications of rectangularity assumptions [22].

Across these streams, a consistent gap remains: while managerial time allocation is recognized as consequential (and
attention/resource allocation theories are increasingly dynamic) most time-allocation decision support models
remain static in design and evaluation. The literature offers strong building blocks (rolling-horizon replanning,
robust optimization, sequential decision making, and learning-based adaptation), but they have not been
consolidated into a managerial time-allocation DSS that (i) treats managerial activities as a time-dependent portfolio,
(ii) updates allocations through a formal adaptive mechanism, and (iii) evaluates performance under controlled
uncertainty regimes using cumulative and resilience-oriented metrics. The present paper addresses this gap by
integrating rolling-horizon adaptation with explicit uncertainty representation to deliver dynamic time-allocation
recommendations.

3. MATERIALS AND METHODS

We model managerial time allocation as a sequential decision problem where allocations are periodically revised as
new information becomes available. This is implemented as a rolling-horizon (receding-horizon) decision process, a
standard paradigm in dynamic planning under uncertainty in which decisions are repeatedly optimized over a
moving window using updated state information. Rolling-horizon planning has been widely used to manage forecast
evolution and uncertain parameters in production and supply chain contexts [20], [23]. To enhance robustness under
uncertainty, we incorporate scenario-based evaluation and uncertainty sets, consistent with recent robust
optimization and deep-uncertainty decision-support approaches [21], [23].

3.1 Problem formalization
Notation and decision variables

Let A = {a;, ..., a,,} be the set of managerial activities. Decision making occurs at discrete review times ¢ € {1, ..., T}
(e.g., weekly). The decision variable is the time-allocation vector:

n
Xt = (xl't, ...,xn‘t),xl"t € [0,1],le"t = 1.
i=1

Allocations are computed for a planning horizon of length H (e.g., H = 4 weeks) and implemented only for the first
period, after which the horizon rolls forward by one step.

Managerial preferences with flexibility

Each activity has a time-varying value (preference weight). To preserve flexibility and reflect uncertainty or instability
in preferences, we model values using interval weights:

Ve = (V160 oor Unyt)s Vit € [Vies Uie]-

Preference intervals can be initialized via elicitation (e.g., Swing weighting or similar) and then updated over time
using observed signals (Section “Environmental state”). The update rule can be specified as:

[T_Ji,t+1' 17i,t+1] =U ([l’i,t' ﬁi,t] ) St):

where s, is the observed environmental/organizational state and U() is a deterministic or stochastic update operator
(examples below).
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Constraints with time variation

We allow constraints to evolve over time, reflecting workload, deadlines, staffing, or operational disruptions. We
define lower/upper bounds as:

Xit € [its ui,t]'le’,t =1,
i

where ¢;; and u; ; may change with s,. Optionally, change-limiting constraints can prevent unstable weekly swings:
I X¢ —X¢eq 1< Ay,

where A,is a tunable stability budget to control responsiveness versus inertia (useful under noisy signals).

Environmental state and uncertainty representation

At each review time t, the environment is summarized by a state vector s, (exogenous signals and endogenous
indicators), such as:

¢ demand volatility proxy, backlog level, or incident rate

e supplier/service disruptions indicator

e customer escalation rate

e strategic initiative intensity (e.g., planned launches)
Uncertainty is represented in two complementary ways:

1. Scenario set Q;: a finite set of plausible states/future trajectories over the horizon H, with probabilities p,, (if
available) or treated as equally plausible. Scenario-based rolling planning is common in stochastic rolling-
horizon formulations [20].

2. Data-driven uncertainty sets §;: constructed from historical state clusters (or regime segmentation),
consistent with modern data-driven robust optimization approaches that define uncertainty sets from data
and seek solutions that balance robustness and conservatism [23].

This design supports both “risk-neutral” planning (expected value across scenarios) and robust planning (min—max
or quantile-based).

Objective function over a rolling horizon

For each decision epoch t, we solve a horizon problem producing a planned allocation sequence x;.;,;_,. The horizon
objective is:
H-1
max J = Z ¥ @ (Xesns Vesns Sean),
Xt:t+H-1 h=0
where y € (0,1] is a discount factor. We define a base value term:
n
DX, Ve, S) = Z B;e it — A - Regret(xs, Qp),
i=1
where 7; ,is a point representative of the interval (e.g., midpoint or pessimistic bound depending on the risk attitude).
The regret term penalizes allocations that perform poorly under adverse scenarios (robustness), inspired by robust
decision-making principles under deep uncertainty [21].

3.2 Adaptive optimization engine: rolling-horizon Differential Evolution

The horizon problem is generally nonconvex (due to robustness penalties, stability constraints, and scenario
coupling), so we employ Differential Evolution (DE) as the primary optimizer. DE is well-established for continuous
optimization and remains practical when gradients are unavailable[24].
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Algorithm (high-level):

1. Observe current state s;and update v,, €;;, u; ¢, A;.

2. Generate scenarios ), (or uncertainty set §;) for the horizon H.

3. Optimize the horizon plan x,..,y_; using DE:
o Population initialization respects constraints (simplex + bounds).
o Fitness evaluates J, by simulating or scoring across Q;.

4. Implement only x, (first step).

5. Roll forward to t + 1 and repeat.

This mirrors rolling-horizon practice in dynamic planning and aligns with the broader trend of combining rolling
replanning with adaptive/learning components in sequential decision problems [21], [23].

To further improve adaptation, U(:) can be learned from data using reinforcement learning concepts, where the
policy maps s; to recommended allocations. Recent work demonstrates rolling-horizon deep RL in dynamic
scheduling settings as a mechanism to update decisions within time windows [8]. If an RL layer is added, we treat it
as a policy initializer or candidate generator for DE (hybrid “RL + evolutionary refinement”), while maintaining
robust evaluation via scenarios. This fits the broader framing of sequential decision-making under uncertainty
emphasized in robust MDP research [22].

Preference and constraint update mechanisms
We implement two practical update operators U:
1. Rule-based update (interpretable): Increase the interval weight of activities linked to elevated signals, e.g.,
o if customer escalations spike, expand v,,s , upward
o if operational disruptions spike, expand vs,ppiier,c aNd Voperations, upward
o Update magnitude is proportional to standardized deviations of s,from baseline.

2. Data-driven regime update: Cluster historical s, into regimes (stable / volatile / disrupted). For each regime,
maintain a preference interval template and constraint template; at time ¢, select the regime template
corresponding to the current cluster and blend with current intervals. This approach is consistent with data-
driven robust frameworks that derive uncertainty structure from historical clustering [23].

3.3 Experimental design

Because real-world deployment can be expensive and slow, we evaluate the method using a simulated environment
that generates sequences {s;} with controlled uncertainty regimes:

e Baseline (low volatility): small random fluctuations
e Shock (rare disruptions): occasional large jumps
e High volatility: frequent regime switching
e Trend shift: gradual drift (e.g., seasonal changes)
For each environment, we compare the proposed adaptive approach against:
1. Static optimization: one-shot allocation (fixed v, ¢, u)
2. Rolling-horizon without robustness: expected-value only

3. Rolling-horizon robust: scenario/regret term enabled
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Robustness-oriented evaluation and decision-maker involvement are motivated by deep-uncertainty robust
optimization work, including interactive approaches that explicitly account for uncertainty impacts on outcomes [21].

Performance metrics computed over the full horizon T:
T
e Cumulative value: Z 2 Die Xie
t=1

¢ Resilience score: recovery speed after shocks (time to regain baseline value)
e Stability: ¥, I x; — X1 ll;
Worst-case performance across scenarios (robustness)
4. RESULTS

This section reports the results of the computational experiments designed to evaluate the proposed dynamic and
adaptive time-allocation framework. The analysis focuses on three complementary aspects: the experimental setup
and baseline conditions (Subsection 4.1), aggregate performance under different levels of environmental uncertainty
(Subsection 4.2), and the dynamic adaptation behavior of the model over time (Subsection 4.3). Together, these
results illustrate the performance advantages of the adaptive approach and how and why these advantages emerge in
dynamic and uncertain managerial environments.

4.1. Experimental Setup and Baseline Description

This subsection describes the experimental environment, benchmark models, and parameter settings used to
evaluate the proposed dynamic and adaptive time-allocation framework. The goal is to ensure transparency and
reproducibility, while clearly positioning the adaptive model relative to relevant baselines.

Because real-world longitudinal data on managerial time allocation under controlled uncertainty are difficult to
obtain, a simulation-based experimental design was adopted. Decision making unfolds over a discrete time horizon
T, interpreted as weekly review periods. Each experiment consists of T = 52 periods (one managerial year), allowing
the observation of short-term reactions and longer-term cumulative effects.

At each period t, the manager observes an environmental state vector s,generated exogenously according to
predefined uncertainty regimes. Four environments were considered:

1. Low-uncertainty baseline: small random fluctuations around a stable mean state.
2. High-volatility environment: frequent and larger-amplitude fluctuations in state variables.
3. Shock-driven environment: rare but severe disruptions followed by gradual recovery.
4. Regime-switching environment: alternating phases of stability and turbulence.
Each environment was simulated independently for 50 replications to account for stochastic variability.

The set of managerial activities is fixed across all experiments and reflects common managerial task categories (e.g.,
strategic planning, operations, customer management, human capital). Initial preference weights were defined as
interval-valued parameters and normalized to ensure feasibility. Preference updates over time followed the
mechanisms described in the Materials and Methods section, driven by observed changes in s;.

Time-allocation constraints included lower and upper bounds per activity and a simplex constraint ensuring full
allocation of available managerial time in each period.

Three decision models were evaluated:

e Static optimization (SO): a one-shot optimization performed at t = 1, whose solution is applied unchanged
for all periods.

e Rolling-horizon expected-value model (RH-EV): a rolling-horizon model that updates allocations
periodically but optimizes only expected value, without robustness penalties.
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e Proposed adaptive robust model (ARH): the full dynamic framework with rolling-horizon optimization,
scenario-based uncertainty handling, and stability constraints.

All models used identical activity sets, initial preferences, and constraint structures to ensure fair comparison.

For rolling-horizon models, the planning horizon was set to H = 4 periods. Differential Evolution was used as the
optimization engine with a population size of 200, crossover probability CR = 0.9, differential weight F = 0.8, and a
fixed number of iterations per re-optimization. Robustness and stability parameters were held constant across
experiments unless varied explicitly in later sensitivity analyses. This setup provides a controlled yet flexible
experimental basis for assessing how dynamic adaptation and uncertainty awareness influence managerial time-
allocation performance.

4.2. Aggregate performance under uncertainty

This subsection reports the aggregate performance of the proposed adaptive model in comparison with the
benchmark approaches across the different uncertainty environments described in Section 4.1. Performance is
evaluated over the full decision horizon, focusing on cumulative value and overall robustness.

For each simulation run, performance is measured using cumulative managerial value, defined as:

T
n
Cv = E Zﬁi,t Xitr
i=1
t=1

where x; , is the proportion of time allocated to activity i at period ¢, and #;, is the representative point value of the
interval preference for that activity at time t. This metric captures the total value generated by the time-allocation
policy over the entire horizon and reflects both allocation quality and adaptability to changing conditions.

For each uncertainty environment, mean cumulative value and standard deviation were computed across the 50
replications.

Table 1 summarizes the aggregate performance of the three decision models: Static Optimization (SO), Rolling-
Horizon Expected Value (RH-EV), and the proposed Adaptive Robust Rolling-Horizon model (ARH).

Table 1. Aggregate performance (mean cumulative value + standard deviation) across uncertainty environments

Uncertainty Static Optimization Rolling-Horizon Expected Adaptive Robust Rolling-
Environment (SO) Value (RH-EV) Horizon (ARH)

Low uncertainty 512.4 £ 18.7 526.1 £ 17.9 529.8 + 16.5

High volatility 441.6 + 42.3 487.9 £ 35.6 521.3 + 28.4

Shock-driven 418.2 £ 55.1 472.5 + 41.8 515.7 + 31.2

Regime-switching 398.9 £ 60.4 468.7 + 44.9 534.2 + 29.6

Across all environments, the ARH model achieved the highest mean cumulative value. In the low-uncertainty
baseline, differences between models were modest, with RH-EV and ARH marginally outperforming the static model.
This indicates that when conditions remain stable, dynamic adaptation yields limited additional benefit.

In contrast, performance gaps widened substantially under high volatility and shock-driven environments. The static
model exhibited significant performance degradation, as it was unable to adjust to changing activity values and
constraints. The RH-EV model partially mitigated these losses by re-optimizing allocations, but its lack of robustness
led to overreaction to transient fluctuations. The ARH model consistently outperformed both benchmarks by
maintaining higher cumulative value and lower variance across runs.
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Under the regime-switching environment, the adaptive model showed the largest relative improvement. By
incorporating scenario-based evaluation and stability constraints, ARH balanced responsiveness during turbulent
phases with stability during calm periods, avoiding the oscillatory behavior observed in the RH-EV model.

Pairwise comparisons using paired t-tests confirmed that the improvements achieved by the ARH model over SO and
RH-EV were statistically significant at the 5% level in all environments except the low-uncertainty baseline. These
results indicate that the benefits of the proposed adaptive approach become increasingly pronounced as
environmental uncertainty intensifies.

Overall, the aggregate results demonstrate that explicitly modeling uncertainty and enabling dynamic adaptation
substantially improves the long-run performance of managerial time-allocation decisions.

4.3. Dynamic Adaptation Behavior

This subsection analyzes how the different decision models adapt over time in response to environmental changes.
While Section 4.2 focused on aggregate outcomes, the objective here is to make the mechanisms of adaptation
explicit by examining temporal allocation patterns and responses to shocks and regime changes.

Figure 1 illustrates representative time series of allocations x;, for selected activities under the three models in a
shock-driven environment. The Static Optimization (SO) model produces constant allocations throughout the
horizon, regardless of changes in the environmental state. As a result, allocation patterns remain misaligned with
periods of heightened operational or strategic demand following shocks. The Rolling-Horizon Expected Value (RH-
EV) model adjusts allocations at each review point; however, its behavior is highly reactive. In periods of transient
fluctuation, the model frequently reallocates time across activities, producing pronounced oscillations. These rapid
shifts reflect sensitivity to short-term signals but may impose high cognitive and coordination costs on managers. In
contrast, the Adaptive Robust Rolling-Horizon (ARH) model exhibits smoother yet purposeful adjustments.
Allocations respond decisively when sustained changes or shocks occur but remain relatively stable during minor
fluctuations. This behavior reflects the combined effect of scenario-based evaluation and stability constraints, which
filter noise while preserving responsiveness to structurally relevant changes.

Figure 1. Dynamic adaptation of time allocation for a representative managerial activity
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Time allocation proportion
o o o
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f \ L

0.200 4
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T
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To further quantify adaptation, we examined model behavior around identified shock events. Figure 2 reports the
average change in allocation magnitude || x; — x,_; ll; in the periods immediately following a shock.
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Figure 2. Magnitude of allocation adjustments around an environmental shock
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The SO model shows no response by construction. The RH-EV model exhibits large immediate reallocations, often
overshooting and subsequently correcting in the following periods. By contrast, the ARH model shows moderated
but sustained reallocations, indicating a controlled adaptation path that avoids abrupt reversals. This pattern enables
faster stabilization after shocks and contributes to higher cumulative value, as shown in Section 4.2.

Under regime-switching environments, the differences between dynamic models become more pronounced. When
the system transitions from a stable to a turbulent regime, ARH reallocates time toward activities associated with
monitoring, coordination, and problem resolution, while gradually reverting allocations as the system returns to
stability. The RH-EV model, by comparison, continues to exhibit frequent reallocation even after the regime
stabilizes, indicating insufficient discrimination between persistent and temporary changes.

Summary of adaptive behavior

Overall, the results show that the proposed ARH model implements selective adaptation: it reacts strongly to
meaningful environmental changes while maintaining allocation stability in the presence of noise. This behavioral
property explains the superior aggregate and resilience performance observed in previous sections and underscores
the practical relevance of robustness-aware dynamic time-allocation support systems.

5. CONCLUSIONS

This paper proposed a dynamic and adaptive decision support framework for managerial time allocation under
environmental uncertainty. Unlike traditional approaches that generate static, one-shot recommendations, the
proposed model treats managerial time allocation as a sequential decision problem in which allocations are
periodically revised in response to evolving environmental conditions. By integrating rolling-horizon optimization,
interval-based preference modeling, and robustness-aware adaptation, the framework offers a more realistic
representation of managerial decision making in turbulent contexts.

The computational results demonstrate that dynamic adaptation is particularly valuable when uncertainty is high.
While static optimization performs reasonably well in stable environments, its performance deteriorates sharply
under volatility, shocks, and regime changes. Rolling-horizon re-optimization without robustness partially alleviates
this limitation but often leads to excessive and unstable reallocations. In contrast, the proposed adaptive robust
model consistently achieves higher cumulative value while exhibiting smoother and more interpretable adjustment
patterns. The analysis of dynamic behavior further shows that the model selectively responds to meaningful
environmental changes, avoiding overreaction to transient fluctuations and enabling faster stabilization after shocks.

From a managerial perspective, these findings suggest that effective time allocation should be supported by systems
capable of continuous learning and controlled adaptation rather than rigid schedules or purely reactive adjustments.
From a methodological standpoint, this work contributes to the decision support and management science literature
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by formalizing managerial time allocation as a dynamic portfolio problem and by demonstrating the benefits of
robustness-aware rolling-horizon optimization in this context.

Several limitations point to avenues for future research. The experimental evaluation relies on simulated
environments; empirical validation using longitudinal data from real organizations would strengthen external
validity. Future work may also incorporate richer behavioral models of preference evolution, learning-based policy
optimization, or multi-manager coordination mechanisms. Despite these limitations, the proposed framework
provides a solid foundation for the development of intelligent, adaptive systems to support managerial time allocation
in uncertain and evolving environments.

[1]

[2]

[3]

(4]

(5]

(6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

Copyright © 2024 by Author/s and Licensed by J[ISEM. This is an open access article distributed under the Creative Commons Attribution License

REFRENCES

S. Baishya, A. Karna, D. Mahapatra, S. Kumar, and D. Mukherjee, “Dynamic managerial capabilities: A critical
synthesis and future directions,” J. Bus. Res., vol. 186, p. 115015, 2025, doi: 10.1016/j.jbusres.2024.115015.

T. Heubeck, “Looking back to look forward: A systematic review of and research agenda for dynamic
managerial capabilities,” Management Review Quarterly, vol. 74, pp. 2243-2287, 2024, doi:
10.1007/511301-023-00359-Z.

S. Esmaeilzadeh, M. S. Ranjbar, and G. Jandaghi, “Toward a new conceptual framework of business strategies
to deal with environmental uncertainties: Insights from a systematic literature review and bibliography,”
Management Review Quarterly, vol. 75, pp. 1229—1258, 2025, doi: 10.1007/511301-024-00406-3.

E. Solares, V. De-Le6n-Gomez, F. G. Salas, and R. Diaz, “A comprehensive decision support system for stock
investment decisions,” Expert Syst. Appl., vol. 210, p. 118485, 2022, doi: 10.1016/j.eswa.2022.118485.

A. Aguilera, A. E. Moreno, E. Solares, J. A. Lara-Pérez, and C. Tolentino, “Time Allocation to Management
Activities of Retail Msmes Through an Intelligent System,” International Journal of Intelligent Systems and
Applications in Engineering, vol. 12, no. 4, pp. 356—-365, 2024, [Online]. Available:
https://ijisae.org/index.php/IJISAE/article/view/6222

X. Wang, D. Wang, and Y. Zhao, “Managerial time orientation, corporate resource allocation, and firm
resilience,” Journal of the Knowledge Economy, vol. 15, pp. 19989—20018, 2024, doi: 10.1007/s13132-024-

01915-y.

J. Navarro, E. Fernandez, E. Solares, A. Flores, and R. Diaz, “Learning the parameters of ELECTRE-based
primal—dual sorting methods that use either characteristic or limiting profiles,” Axioms, vol. 12, no. 3, p. 294,
2023, doi: 10.3390/axioms12030294.

Z. Li et al., “Dynamic task scheduling optimization by rolling horizon deep reinforcement learning for
distributed satellite system,” Expert Syst. Appl., vol. 289, p. 128350, 2025, doi: 10.1016/j.eswa.2025.128350.

M. Theile, B. Sun, and M. Caccamo, “Position paper: Deep reinforcement learning for real-time resource
management,” Real-Time Systems, vol. 61, pp. 288—293, 2025, doi: 10.1007/511241-025-09443-X.

E. Fernandez, J. Navarro, E. Solares, C. A. C. Coello, R. D\’\iaz, and A. Flores, “Inferring preferences for multi-
criteria ordinal classification methods using evolutionary algorithms,” IEEE Access, 2023.

E. Fernandez, J. R. Figueira, J. Navarro, and E. Solares, “Handling imperfect information in multiple criteria
decision-making through a comprehensive interval outranking approach,” Socioecon. Plann. Sci., vol. 82, p.
101254, 2022,

A. A. Rapp, J. A. Petersen, D. E. Hughes, and J. L. Ogilvie, “When time is sales: The impact of sales manager
time allocation decisions on sales team performance,” Journal of Personal Selling and Sales Management,
vol. 40, no. 2, pp. 132—148, 2020, doi: 10.1080/08853134.2020.1717961.

P. Mundlos, “The impact of artificial intelligence on managerial attention allocation for discontinuous change:
A conceptual framework,” Management Review Quarterly, vol. 75, pp. 1—45, 2025, doi: 10.1007/s11301-024-
00409-0.

R. Diaz, E. Solares, V. de-Le6n-Gémez, and F. G. Salas, “Stock portfolio management in the presence of
downtrends using computational intelligence,” Applied Sciences, vol. 12, no. 8, p. 4067, 2022.

24

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management
2026, 11(2s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Copyright © 2024 by Author/s and Licensed by J[ISEM. This is an open access article distributed under the Creative Commons Attribution License

E. Solares, E. Fernandez, C. A. C. Coello, X. S. Lozano, R. Moreno-Cepeda, and R. Diaz, “A comprehensive
system to support decision making in highly complex project portfolio situations,” IEEE Access, 2025.

J.C. Leyva, S. Flores, E. Solares, M. Le6n, R. Diaz, and A. Flores, “Multicriteria decision model to support the
evaluation of common jurisdiction violence in the capital cities of the states of Mexico,” IEEE Access, vol. 11,
pp- 38753—38769, 2023, doi: 10.1109/ACCESS.2023.3268099.

Y. Zhao, “Investigation of the application of machine learning algorithms in credit risk assessment of medium
and micro enterprises,” IEEE Access, 2024.

E. Solares, F. G. Salas, V. De-Leon-Gomez, and R. D\'\iaz, “A Comprehensive Soft Computing-Based
Approach to Portfolio Management by Discarding Undesirable Stocks,” IEEE Access, vol. 10, pp. 40467—
40481, 2022,

R. Diaz, E. Fernandez, J. R. Figueira, J. Navarro, and E. Solares, “Revisiting relational-based ordinal
classification methods from a more flexible conception of characteristic profiles,” Omega (Westport)., vol.
127, p. 103080, 2024.

M. Schlenkrich, M. Schlegel, and S. N. Parragh, “Enhancing rolling horizon production planning through
stochastic optimization evaluated by means of simulation,” arXiv preprint arXiv:2402.14506, 2024,
[Online]. Available: https://arxiv.org/abs/2402.14506

B. Shavazipour, J. H. Kwakkel, and K. Miettinen, “Let decision-makers direct the search for robust solutions:
An interactive framework for multiobjective robust optimization under deep uncertainty,” Environmental
Modelling & Software, vol. 183, p. 106233, 2025, doi: 10.1016/j.envsoft.2024.106233.

W. Ou and S. Bi, “Sequential decision-making under uncertainty: A robust MDPs review,” Ann. Oper. Res.,
vol. 353, pp. 1239—1285, 2025, doi: 10.1007/510479-025-06738-X.

W. Khellaf and R. Guillaume, “Rolling horizon data-driven robust optimization for supply chain planning,”
IFAC-PapersOnLine, vol. 59, no. 10, pp. 357—361, 2025, doi: 10.1016/j.ifacol.2025.09.062.

R. Storn and K. Price, “Differential evolution—a simple and efficient heuristic for global optimization over
continuous spaces,” Journal of global optimization, vol. 11, no. 4, pp. 341-359, 1997, doi:
10.1023/A:1008202821328.

25

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



