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1. Demand forecasting makes promotional planning in hospitality more precise and profitable
Demand forecasting allows for much better promotional planning, because it moves marketing from reactive discount pricing to anticipatory demand shaping. The brief asks how forecasts support hospitality decisions, and the best answer is that they signal when demand will be weak, which segments of customers are expected to respond and what level of discounting is commercially justified. Recent hotel research confirms that accurate property-level daily and weekly forecasts are finally achievable, even in volatile markets, utilising booking curves, seasonal patterns, competitor signals, price and online ratings as input. Huang and Zheng (2021), for example, reported a deep learning model based on daily data of 210 hotels that significantly outperformed other benchmark models and helped managers adjust better to matching demand with their limited capacity, which is the operational basis from which promotions can be made much more targeted. 
The key managerial implication is timing. It is important to remember that a hotel does not promote just because occupancy seems low, they promote when forecasted unconstrained demand drops below the level required to ensure occupancy, ancillary spend and labour productivity are protected. Legg and Ampountolas (2023) demonstrate that short-term daily occupancy forecasting can accurately predict horizons ranging from one day to ninety days into the future, enabling managers with a tactical time in which an offer can be made, as opposed to blanket discounting. This is important because ill-timed promotions erode ADR, condition customers to delay purchases waiting for a deal, and crowd out higher-value last-minute bookers. In contrast, forecasting identifies emerging soft periods in such a way that deployment of fenced promotions like advance-purchase packages, weekday corporate bundles or spa-inclusive weekend offers can only be mustered where incremental demand is required.
Forecasting optimises not only timing but also promotional layout. Viverit et al. (2023) indicate that grouping hotel booking curves yields the closest predictions of future occupancy up to eight weeks ahead, and hence managers are able to contemplate inter-day variance in demand and also classify low-demand days according to expected staying date. That invites more precise segmentation: a temporary drop-off during the workweek may call for enhanced business-travel value adds, while a family-friendly shoulder season low may warrant package promotions rather than price drops. Multi-scale spatiotemporal forecasting can further illustrate the cooperation and competition relationship with neighbouring hotels to managers (Zheng & Deng, 2024). That means, in practice, promotional planning can react both to internal demand weakness as well as local market spill and event-driven compression or competitive-led softening. Promotion is then a moderated market-positioning tool, not an act of desperate selling.
This, however, requires a critical view. Forecast-based promotions are only as strong as the data architecture supporting them. Heo et al. (2023) find that historical data does continue to matter during turbulent times, but only when paying attention to frameworks which better correspond with the changed behaviour of booking. And so managers should not assume that last year’s shoulder-season offer will work this time around. Rotating through forecasts, updating with recent pickup, cancellations, booking window shifts and channel mix. Without it, promo planning becomes pseudo-analytical and can magnify error rather than minimize it. The right way forward on forecasting is to make it more diagnostic and strategic, not mechanical. It should drive promotion rules, test uplift by segment and be vetted for contribution margin and not just room volume.
2. Demand forecasting strengthens yield management by improving price, inventory, and booking control decisions
Demand forecasting is also central to yield management since yield decisions are based on estimating the potential value of future demand prior to selling rooms. In hospitality, inventory is perishable, fixed in the short run and segment-sensitive; when tonight’s room goes unsold, that revenue is gone for good. These forecasts, therefore, inform the three core yield decisions: which rate to charge, which segments to accept and when to unload or load discounted inventory. Van Leeuwen and Koole (2021) note that forecasting underpins a successful hospitality revenue management system, and their smoothed demand-curve approach yielded less error and 13.3% more revenue in hotel-chain data. That evidence goes directly to the claim that improved forecasts raise yield  they do not just increase confidence in planning.
The mechanism is simple yet has significant commercial implications. If demand is anticipated to be high, the hotel will have some inventory to allocate to the higher-rated segments, apply length-of-stay controls, and avoid giving unnecessary discounts. If demand is expected to be low, management can release lower fences earlier, attempt to stimulate demand through selected channels, and re-optimise room allocation. Ampountolas (2024) establishes that complex seasonal techniques such as TBATS and MSTL perform better than simpler approaches in situations where occupancy and ADR have repeating seasonality’s with anomalous days. This is important because yield systems fail when they misread seasonality: either under pricing peak nights or overprotecting inventory during soft demand.
More advanced studies strengthen this conclusion. Huang et al. (2022) find that the inclusion of spatiotemporal features, such as competitor price and online rating, enhances daily hotel demand forecasting. Notably, it proves that yield management based on forecasts using market signals is more efficient than that based on historical averages. This becomes very pertinent during disturbed times when booking windows, cancellations, and channel shifts make intuitive pricing decisions untrustworthy and manual inventory management futile. In broad terms, demand forecasting aids yield management by converting uncertainty into organised probabilities; hence allowing hotels to price more wisely, protect inventory more selectively, and maximise RevPAR with reduced indiscriminate discounting. It also improves coordination among front office, sales, and revenue teams because the same forecast can serve as an anchor for pricing strategy, channel allocation decisions as well as overbooking tolerance levels. That discipline is essential in volatile hospitality markets.
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