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Abstract 
The previous literature on restaurant businesses 

provides limited insight into demand forecasting. As a 

theoretical foundation, this research adopts a dynamic 

capabilities perspective on demand forecasting. From 

this viewpoint, restaurants possess different levels of 

demand forecasting capabilities. This study enhances 

a range of these capabilities across various market 

scenarios by utilizing different data and analytics 

tools. By introducing the dynamic capabilities 

perspective, this research aims to help restaurants 

assess their demand forecasting capabilities and 

provide strategic guidance for developing optimal 

demand forecasting strategies, considering both the 

technical and organizational resources available 

within and outside their business, as well as various 

market conditions.    
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Dynamic Capabilities, Big Data Capabilities, Data 
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1. Introduction  

Demand forecasting is a critical activity in the 

restaurant business for effective supply chain planning 

and revenue management. Restaurant businesses 

operating in varying business and market conditions 

significantly differ in their demand forecasting 

capabilities. Compared to other sectors, such as 

manufacturing and consumer goods, the restaurant 

industry lags in developing its forecasting capabilities 

through data and advanced analytics (Swink et al., 

2022). Furthermore, a recent systematic literature 

review (Choi et al., 2022) revealed that existing 

restaurant demand forecasting research has primarily 

focused on comparing the performance of standalone 

forecasting models and improving model accuracy. 

Accordingly, demand forecasting has not been 

examined in the context of developing and managing 

strategic corporate resources.  

To address this research gap, this research adopts 

the dynamic capabilities perspective, a highly 

influential theoretical framework in strategic 

management, as a theoretical basis. It suggests that 

firms achieve competitive advantage and survival 

through three capabilities: sensing, seizing, and 

reconfiguring (Teece, 2007, 2023; Teece et al., 1997). 

This perspective has been widely adopted in IT and big 

data analytics studies across various business contexts, 

including strategy, innovation, marketing, and supply 

chain management (Chae & Olson, 2013; Fosso 

Wamba et al., 2024; Steininger et al., 2022). 

According to this perspective, sensing opportunities 

and threats is critical as it involves scanning 

environments and, in turn, informs the other two 

capabilities. This proactive capability is highly 

demanded in increasingly turbulent and competitive 

business environments (Helfat & Winter, 2011). What 

follows is the ‘seizing’ capability that leverages the 

opportunities identified through sensing capabilities 

and develops actionable insights. 

From this perspective, demand forecasting can be 

conceptualized as an analytical system that enables 

firms to "sense" market trends and business 

opportunities through data and "seize" them by 

developing effective supply chain and operational 

plans. Specifically, a firm’s capacity for demand 

forecasting can be divided into (1) the ability to 

capture, store, integrate, and manage big data, and (2) 

the ability to deploy analytical tools and techniques to 

uncover trends and anomalies from the data. These 

two aspects align directly with the sensing and seizing 

capabilities. However, this dynamic capability 

perspective has not been applied to restaurant demand 

forecasting.  

This research has two goals: First, it presents the 

dynamic capabilities perspective as a theoretical 

framework for restaurant businesses’ approach to 

demand forecasting. From this perspective, restaurants 

have varying levels of demand forecasting 

capabilities. Second, it proposes a dynamic capability 

framework that enables restaurants to assess and 

reconfigure their demand forecasting capabilities 

based on their technical and organizational resources, 

as well as market conditions. 

For this research, we explored demand 

forecasting practices from a major restaurant chain in 

the United States and, in addition, insights from Bonet 

et al.’s (Bonet et al., 2022) survey of restaurant 

businesses regarding the data and analytical tools and 
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methods used among U.S. restaurants. The restaurant 

chain provided its three-year sales data at the menu 

level, along with relevant marketing promotion 

information. The chain emphasized improving 

demand forecasting capabilities due to uncertainties 

like the COVID-19 pandemic. The survey included 

questions such as, “What information sources do you 

use to create forecasts? What forecasting tool(s) do 

you use to create forecasts? How satisfied are you with 

the forecasting tools you are currently using?”   

The proposed framework includes various 

configurations of demand forecasting capabilities, 

differing in complexity and resource requirements. 

These configurations represent different levels of data 

and analytics capabilities in the restaurant industry. 

We compare these diverse configurations of demand 

forecasting capabilities across different market 

scenarios. The study provides insights into developing 

optimal demand forecasting capabilities by combining 

a restaurant business’s data and analytics capabilities, 

taking into account the resource constraints and 

environment in which it operates. 

  

2. Relevant Literature  

2.1. Demand forecasting in restaurant 

settings 

The field of demand forecasting has been 

extensively studied in operations research and 

computational science on time series analysis and 

relevant topics (Fildes et al., 2022; Seyedan & 

Mafakheri, 2020), with a primary focus on data types, 

statistical and machine learning methods, and 

evaluation techniques (Makridakis et al., 2023; 

Parmezan et al., 2019). However, this technical 

emphasis has limited the discussion to the 

effectiveness of time series methods, overlooking 

broader business and strategic implications. There is a 

need for research that examines demand forecasting 

through the lens of dynamic capabilities, which can 

provide insights into how firms with varying data and 

analytics capabilities can achieve and sustain 

competitive advantage under different market 

scenarios.  

This research posits that restaurants operate with 

varying levels of organizational and technical 

resources, and their capabilities for demand 

forecasting differ significantly. While small-sized 

restaurants have limited data and analytics talents, 

large-scale chains may have greater access to diverse 

data sources and advanced analytical tools. This 

results in a wide spectrum of demand forecasting 

capabilities among restaurants. This spectrum is 

further complicated due to the different business 

environments in which they operate. Thus, it is 

necessary to examine various configurations of 

combining different data sources and analytical 

methods and techniques, ranging from simple to 

traditional statistical methods and deep learning 

algorithms (Challu et al., 2023; Nie et al., 2022; 

Oreshkin et al., 2019).   

Thus, this study encompasses a broad spectrum of 

demand forecasting capabilities. For example, a 

demand forecasting practice on one side of the 

spectrum may combine a low data capability (e.g., use 

of past week’s sales) and a low analytics capability 

(e.g., a standalone spreadsheet). The other side of the 

spectrum represents a high capability for demand 

forecasting, enabled by advanced data capabilities 

(e.g., the use of internal and external data) and 

advanced analytics capabilities (e.g., the use of 

advanced statistical or deep learning-based 

techniques). We evaluate these configurations of data 

and analytics capabilities—from basic to advanced—

across different market conditions to understand their 

effectiveness in various business scenarios. 

2.2. Demand forecasting capabilities 

Figure 1 illustrates the dynamic capabilities 

framework and a dynamic capabilities perspective on 

demand forecasting. Sensing involves scanning 

market trends and identifying opportunities and 

threats. This activity serves as input to seizing, which 

reacts to the environment by using resources to 

develop actions, such as new products or services. We 

adapt this framework to study demand forecasting 

capabilities, which include (1) the ability to capture, 

integrate, and manage data, and (2) the ability to 

deploy analytical tools and techniques. In practice, 

data and analytics capabilities emerge from 

integrating, building, and reconfiguring both internal 

and external organizational and technological 

resources. The first ‘data’ capability corresponds to 

sensing capabilities, involving scanning environments 

by identifying, gathering, and organizing internal and 

external data. The second ‘analytics’ capability 

involves model building and analysis—using 

analytical techniques and methods to turn data into 

useful predictions. This corresponds to what the theory 

calls ‘seizing’—developing actionable insights and 

making decisions. Beyond sensing and seizing 

capabilities, restaurants must also transform their 

demand forecasting processes when conditions 

change. This involves learning from forecasting 

errors, updating their models, and upgrading their data 

systems as new sources of information become 

available. These dynamic capabilities—sensing, 

seizing, and transforming—are collectively associated 
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with a firm’s forecasting performance (Choi et al., 

2018). 

  

 
Figure 1. A Dynamic Capabilities Perspective on 

Demand Forecasting 
 

Regarding restaurant demand forecasting, Bonet 

et al. (2022) and Chae et al. (2024) illuminate demand 

forecasting practices in the restaurant industry. Many 

surveyed restaurants rely solely on their historical 

sales and advertising data for demand forecasting 

(Bonet et al., 2022). Conversely, fewer restaurants 

currently utilize external data sources, such as social 

media and macroeconomic indicators. Regarding 

analytics, spreadsheet software tools like Excel are the 

most commonly used among the surveyed restaurants. 

The survey indicates limited adoption of more 

advanced tools, such as Python and machine learning. 

The primary findings suggest a relatively low level of 

demand forecasting capabilities among the 

restaurants. 

2.3. Spectrum of demand forecasting 

capabilities 

Figure 2 illustrates the capability spectrum used 

as a framework in this research. Restaurants differ in 

their ability to collect, organize, integrate, and manage 

internal and external data because of varying 

organizational and technological resources. The 

demand forecasting capabilities within the restaurant 

industry lag behind those in other sectors, such as 

manufacturing and retail. Many restaurants may still 

operate at a basic level (e.g., relying on last week’s 

sales) or an intermediate level (e.g., depending on 

historical sales and promotions) regarding their data 

(or sensing) capabilities. Restaurants operate with 

different organizational and technological resources 

for analytics, and thus, they differ in their analytics 

capabilities, from basic to advanced. For instance, 

basic-level analytics involve using standalone 

spreadsheets, such as Excel, or relying on managers’ 

intuition. Managers can also create relatively simple 

time series models using linear and multiple regression 

methods, which can be done with spreadsheet tools. 

Additionally, restaurants with more resources may 

possess specialized software tools for time series 

modeling. Meanwhile, fewer restaurants utilize 

computational tools and methods, such as Python and 

machine/deep learning algorithms (Bonet et al., 2022).   

 

 
Figure 2. Spectrum of Data and Analytics 

Capabilities for Restaurant Demand Forecasting 

 

The figure also illustrates three arrows that 

indicate potentially different compatibilities between 

data and analytics capabilities: (1) adequate fit 

(optimal use of data and analytics), (2) limited 

coverage (functional but constrained), and (3) data-

analytics mismatch (overloading basic tools). A firm’s 

big data may signify an advanced proficiency within 

the data capability spectrum, necessitating sufficient 

analytics capability (e.g., computational tools and 

methods) to extract insights from it. As a result, a 

mismatch can occur between big data and basic 

analytics capabilities, such as using standalone 

spreadsheets. Ultimately, combining data and 

analytics capabilities leads to various configurations, 

ranging from basic to advanced data and analytics 

capabilities. There may not be a one-size-fits-all 

configuration for demand forecasting. Instead, they 

need to identify optimal configurations of data and 

analytics capabilities, taking into account their 

resource constraints and the market conditions in 

which they operate.  

 

3. Research Methods: An Illustration 

3.1. Spectrum of demand forecasting 

capabilities 

We aim to illustrate the proposed framework with 

a major restaurant chain in the United States. The 

restaurant industry was among those most negatively 

impacted by the pandemic, and this chain was no 

exception. In response, the chain sought to explore the 

value of big data analytics in mitigating future risks 

and challenges. They provided over three years of 

historical sales and marketing promotions data 

(January 2019 through mid-July 2022), and their data 
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team shared insights into demand forecasting practices 

in the restaurant industry. We also gained insights into 

demand forecasting practices from previous studies 

(Bonet et al., 2022; Swink et al., 2022). The previous 

figure (Figure 2) illustrates a spectrum of a 

restaurant’s demand forecasting abilities. We aimed to 

evaluate the effectiveness of these configurations 

under different market conditions. By analyzing the 

volatility in the restaurant chain’s sales data of 21 

popular menus, we identified three distinct market 

scenarios, each consisting of twelve weeks: (1) stable 

conditions before the pandemic (August 2019 through 

October 2019), (2) turbulent conditions during the 

pandemic (December 2021 through mid-February 

2022), and (3) stable conditions after the pandemic 

(May 2022 through mid-July 2022). Figure 3 describes 

the rolling window approach for training and 

evaluating these diverse data and analytics capabilities 

configurations. This design avoids leakage, as each 

training set ends strictly before its corresponding 

forecast horizon begins. 

 
Figure 3. Three Evaluation Periods of Diverse 

Configurations of The Data and Analytics 
Capabilities 

3.2. Research design 

This research design is grounded in the dynamic 

capabilities framework, examining how the 

combination of data and analytics capabilities reflects 

a firm’s ability to sense and seize opportunities. First, 

the configurations represent sensing capabilities, 

capturing how firms identify, collect, and manage 

relevant internal and external data. Second, the applied 

analytical techniques reflect the organization's ability 

to seize capabilities, indicating how they convert 

available data into forecasting insights. Finally, 

although the configurations are fixed for experimental 

purposes, the differential forecasting performances 

observed under varying market conditions provide 

insight into firms’ transforming capabilities—

specifically, their potential to adjust and improve 

forecasting practices through feedback, 

reconfiguration, and renewal. 

To examine this, we defined three levels of data 

capability as basic (e.g., historical sales data only), 

intermediate (e.g., internal sales, promotions, and time 

data), and advanced (e.g., integrated internal and 

external data). Similarly, analytics capability is 

classified as basic (e.g., average sales, moving 

average), intermediate (e.g., conventional statistical 

forecasting methods such as ARIMA or SARIMAX) 

(Hyndman & Khandakar, 2008), and advanced (e.g., 

deep learning-based pretrained time series models) 

(Ansari et al., 2024; Garza et al., 2023). Combining the 

three levels of data capability with analytics capability 

results in nine distinct configurations.  

However, various possibilities may exist between 

any two levels in practice, leading to numerous 

additional configurations. As shown in the previous 

figure (Figure 2), two configurations (IDBA and 

ADBA) out of the nine represent a mismatch between 

data capability and analytics capability, overburdening 

basic analytical tools. Therefore, we focus on seven 

empirically tested configurations illustrated in Figure 

4. These configurations were evaluated under three 

distinct market conditions, each consisting of twelve 

weeks, based on the restaurant’s historical sales data: 

(1) stable pre-pandemic, (2) turbulent during the 

pandemic, and (3) stable post-pandemic. We selected 

the Symmetric Mean Absolute Percentage Error 

(MAPE) for the evaluation because it is scale-

independent and symmetric in penalizing over- and 

under-forecasts. These properties make SMAPE 

particularly appropriate for restaurant menu 

forecasting, where sales volumes vary widely. 

  

 
Figure 4. A Research Design 

3.3. Setup for illustration 

Table 1 outlines the specifics and proxies of each 

configuration. The data capabilities are categorized 

into three levels: basic (historical sales), intermediate 

(basic plus marketing promotion and time-related 

information), and advanced (intermediate plus 

pandemic-related and macroeconomic variables). 

Time-related information includes month, week of the 

month, and holidays, while pandemic-related and 

macroeconomic variables consist of stay-at-home 
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restrictions, internal movement restrictions, 

lockdowns, winter surges (Guidotti and Ardia 2020), 

and people’s moods (Dodds et al. 2015). We defined 

advanced data capability to include external 

contextual variables, consistent with the big data 

analytics capability literature (Gupta & George, 2016), 

which emphasizes data variety. Recent forecasting 

studies also highlight the value of pandemic and 

macroeconomic indicators (Chae et al., 2024; Cui et 

al., 2018). These data capabilities are combined with 

three layers of analytics capabilities.  

For instance, configuration #2 (BDIA) includes a 

firm’s demand forecasting practices that use 

traditional statistical methods. For each configuration, 

we implemented two models using different analytical 

approaches. For #2 (BDIA), the first model uses 

historical sales data as input, applying ARIMA as the 

analytical method to forecast future performance. The 

second model applies the Theta model 

(Assimakopoulos & Nikolopoulos, 2000) as the 

analytical method for predicting future performance.  

Configuration #4 (IDIA) utilized two statistical 

models: SARIMAX and ARIMAX. Likewise, 

configuration #7 (ADAA) includes pre-trained time 

series models applied to large datasets, including 

internal and external data. Two different models 

represent this advanced configuration. The first model 

employs a combination of internal and external data as 

input, using Chronos (Ansari et al., 2024) as the 

analytical method. In contrast, the second model 

utilizes TimeGPT (Garza et al., 2023). Chronos and 

TimeGPT are pre-trained time series models using 

deep learning.  

We implemented AutoARIMA and AutoTheta 

with StatsForecast, SARIMAX with statsmodels, 

ARIMAX with pmdarima, TimeGPT via its API, and 

Chronos through Amazon’s implementation. 

Hyperparameter tuning was automatic for 

AutoARIMA, AutoTheta, and ARIMAX. For 

SARIMAX, we fixed a parsimonious AR(1) with 

exogenous regressors to avoid over-parameterization, 

and used the default settings of TimeGPT and 

Chronos. 

This considers that there are various types of 

analytical methods and techniques, even within a 

similar category of analytics, such as basic, 

intermediate, and advanced. The proxies of data and 

analytics in Table 1 appear extensively in the demand 

forecasting and time series literature (Chae et al., 

2024; Choi et al., 2018; Cui et al., 2018; Fildes et al., 

2022; Lim & Zohren, 2021). These seven 

configurations, each comprising two examples of 

analytics, are evaluated across the three market 

scenarios in terms of the SMAPE.  

 

 
Table 1. The Proxies Used in the Experiments 

4. Findings and Discussions 

For evaluation, the research employed a multi-

horizon forecasting approach, spanning a range of one 

week to twelve weeks ahead. First, the research 

findings are presented in heatmaps (Figure 5) that 

display the SMAPE for each data and analytics 

capability across three market environment scenarios, 

each comprising twelve weeks and representing multi-

horizon forecasting. We also utilized line graphs 

(Figures 6 and 7) to zoom in on specific configurations 

and/or variants in the same configuration. Table 2 

summarizes the key points from each figure. 

 
 Key Points 

Figure 5 • SMAPE decreases as capability increases. 

• Capability has a greater impact during the 

turbulent period. 

• Basic configurations remain robust in stable 

environments. 

Figure 6 • SMAPE decreases as data capability improves. 

• Advanced analytics consistently outperforms 

basic and intermediate analytics. 

Figure 7 • Across all periods, expanding data capability 

reduces SMAPE. 

• Benefits of advanced capability are most 

pronounced during the pandemic. 

Table 2. Key Findings 

4.1. Configuration performance across time 

horizons 

Figure 5 illustrates the multi-horizon forecasting 

performance (SMAPE) across three periods: (A) 

Before the Pandemic, (B) During the Pandemic, and 

(C) After the Pandemic. Darker colors indicate better 

performance. The top figure (Figure 5. A) reflects a 

stable market scenario and limited data availability for 

training demand forecasting. The middle figure 

(Figure 5. B) illustrates the turbulent conditions during 
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the pandemic (December 2021 through mid-February 

2022). The bottom figure (Figure 5. C) presents the 

stable conditions after the pandemic (May 2022 

through mid-July 2022), corresponding to the longest 

available data period for training demand forecasting. 

The top row and the last column in each heatmap 

represent the average SMAPE across multiple 

horizons and for each capability level.   

Figure 5. A indicates a clear pattern that most 

configurations achieve stronger performance at short-

term horizons (approximately one to seven weeks 

ahead), and forecasting accuracy tends to decline as 

the prediction window extends. Performance’s decline 

is more gradual for advanced configurations. In 

addition, SMAPE decreases as capability increases, 

for example, from 1_BDBA_SimpleAverage (average 

0.379) to 7_ADAA_TimeGPT (average 0.228). 

However, analytics improvement does not 

consistently outperform basic or intermediate methods 

when data is held constant. For example, 

2_BDIA_Theta (intermediate analytics) achieves 

lower error than advanced analytics methods 

(TimeGPT and Chronos) on basic data in a stable 

period. This suggests that some traditional methods 

may still be optimal under certain conditions, 

especially when training data is limited and the market 

is stable.  

According to Figure 5. B, the performance gap 

between capability configurations widens 

dramatically during a turbulent period: Low-capability 

configurations degrade substantially, including 

1_BDBA_SimpleAverage, 2_BDIA_ARIMA, and 

2_BDIA_Theta, with the exception that a basic-level 

capability (1_BDBA_MovingAverage) is as robust as 

some intermediate and advanced capability 

configurations. While the best configurations are 

based on intermediate analytics, such as ARIMAX and 

SARIMAX, an advanced analytics capability 

(Chronos) is consistently competitive regardless of the 

level of data capability.  

Figure 5. C shows that a basic capability 

configuration, such as moving averages, remains 

robust in a stable environment following the 

pandemic. The Chronos-based configurations 

(3_BDAA_Chronos, 5_IDAA_Chronos, 

7_ADAA_Chronos) display strong performance 

across all horizons. Overall, most intermediate and 

advanced capability configurations display strong 

performance. Even a basic data capability, when 

combined with intermediate (ARIMA, Theta, 

ARIMAX, and SARIMAX) or advanced analytics 

capabilities, performs well in this condition, where the 

market is stable and data is available for an extended 

period of model training. 

 

 

 
Figure 5. Multi-horizon across three periods 

4.2. Performance dynamics across capability 

configurations and periods 

Figure 6 illustrates the SMAPE trends, 

specifically highlighting the impact of data 

capabilities under different market conditions. 

Notably, most configurations improve as time 

progresses, particularly from ‘before’ to ‘after’ the 

pandemic, as seen in the general downward slope of 

configuration performance lines. This trend is 

especially notable for analytics capabilities like Theta, 

ARIMA, and Chronos, which represent intermediate 

and advanced analytics. While this study has defined 

data capability primarily in terms of the breadth of 

internal and external variables, the figure suggests that 

another critical dimension seems to be the temporal 

length or continuity of data.  

The basic data capability tier (first figure) shows 

the most significant performance gain from ‘before’ to 

‘after’ the pandemic. This indicates that configurations 

relying solely on past sales for future forecasting may 

benefit disproportionately from accumulating more 

observations over time. It appears that intermediate 

and advanced analytics, such as ARIMAX and 
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Chronos, effectively leverage long historical 

sequences. Intermediate and advanced data capability 

tiers also improve, but more gradually.  

 

 
Figure 6: Temporal Performance Trends 

 

The performance of capability configurations 

varies over time. During the pandemic, the 

performance gaps between configurations have 

widened. The best-performing configurations are 

intermediate analytics, such as ARIMAX and 

SARIMAX, complemented by intermediate and 

advanced data capabilities. This suggests that richer 

data may become increasingly critical during market 

disruptions, and the relative advantages of 

sophisticated analytics become more pronounced 

under turbulent conditions. In contrast, the capability 

configurations with basic data capability (first figure) 

demonstrate similar performance levels among 

different analytics after the pandemic. This indicates 

that the relative advantages of advanced analytics may 

diminish in stable restaurant conditions. 

 

 
Figure 7: Impact of Data Capability 

 

Figure 7 appears to reinforce findings from Figure 

6: the magnitude of benefit from data and analytics 

capabilities depends on the environment. Before the 

pandemic, differences across data capabilities were 

modest. Even basic analytics perform relatively close 

to advanced analytics. In stable market conditions and 

with limited data, data capability characterized by the 

breadth of data may not be as critical. During the 

pandemic, differences widened significantly. Some 

sophisticated analytics (e.g., ARIMA, Chronos) with 

intermediate and advanced data capabilities 

outperform those relying on basic data capabilities. 

Thus, data capabilities become more critical during 

disruption. After the pandemic, the performance gaps 

have become narrower. As the environment stabilizes 

and lengthy data becomes available, the marginal 

value of high data capability decreases.  

 

5. Conclusion and Implications 

The restaurant industry is slow in adopting 

advanced data analytics for demand forecasting, 

compared to other sectors such as manufacturing. 

Research on this subject is limited in both industry and 

academia. In response, this research has proposed a 

dynamic capability perspective and offered a 

framework for restaurant demand forecasting.  

The key premise is that restaurant businesses 

operate with varying levels of organizational and 

technical resources and face different market 

environments. Therefore, a one-size-fits-all approach 

is not applicable. Instead, restaurants should assess 

and develop their data and analytics capabilities, 

taking into account both resource constraints and 

market conditions.  

The study explicitly introduces seven data and 

analytics capability configurations and uses a major 

restaurant chain as a case study to demonstrate how 

they can be implemented in practice. The proposed 

framework aims to help restaurant businesses assess 

their capability levels for demand forecasting.  

The experiment showed that a basic capability 

configuration, such as the moving average method, 

can perform well in stable market conditions when 

restaurant demand is predictable. These basic 

approaches can capture the regular patterns that drive 

most restaurant sales. In contrast, more sophisticated 

configurations do not consistently outperform basic 

ones. It is possible that incorporating additional 

internal and external variables introduces more noise 

than signal, and sophisticated analytics may be more 

vulnerable to this noise, especially when data quality 

or relevance is limited.   

The experiment also illustrates the importance of 

moving beyond a basic configuration by developing 

more sophisticated data and analytics capabilities. 

Under various market conditions and data availability, 

top-performing configurations include intermediate 

data, advanced data, intermediate analytics, and/or 

advanced analytics. Under stable conditions with 

limited data, a configuration involving advanced 

analytics (TimeGPT) and intermediate data 

capabilities was identified; under turbulent conditions, 

a configuration involving intermediate analytics and 

advanced data capabilities emerged; and under stable 
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conditions with extended data, a configuration 

involving advanced data and analytics capabilities 

(Chronos) was observed.  

This study demonstrates that the optimal 

configuration of demand forecasting capabilities 

varies in response to market conditions. This aligns 

with dynamic capabilities literature, which highlights 

that the value of organizational capabilities depends on 

environmental turbulence. Prior work finds that 

sensing and reconfiguring are most effective under 

competitive turbulence compared to stable situations 

(Wilden & Gudergan, 2015) and that their 

performance effects strengthen with technological 

turbulence (Ranjan, 2023). These findings suggest that 

varying levels of sensing and seizing capabilities may 

be relevant across organizations, even though our 

analysis focuses on a single restaurant chain. 

 

Theoretical implication 

This study can theoretically contribute to research 

on demand forecasting by linking it with the 

perspective of dynamic capabilities. Specifically, it 

illustrates how data and analytics configurations can 

support organizational adaptability in service sectors 

such as the restaurant industry. Recent studies on 

demand forecasting in the service and retail sectors 

have primarily advanced through technical 

advancements in machine learning and deep learning 

approaches (Kilimci et al., 2019). However, few 

studies have explicitly analyzed how such data-driven 

forecasting capabilities enhance dynamic 

capabilities—particularly sensing, seizing, and 

transforming—in service contexts characterized by 

operational volatility and demand uncertainty. Our 

study addresses this gap through an empirical 

illustration of how advanced analytics configurations 

can improve organizational adaptability in this 

environment.  

This study also advances the conceptualization of 

"sensing" capabilities within the framework of 

dynamic capabilities. Previous research has 

emphasized the importance of integrating diverse data 

sources, including both internal and external data (e.g., 

Cui et al., 2018). Our findings highlight the potential 

value of long-term historical data, which may be called 

‘data continuity’ as a crucial subdimension of sensing. 

This conceptualization advances the dynamic 

capabilities framework by demonstrating that sensing 

encompasses not only the breadth of internal and 

external signals but also the continuity of data over 

time.  

This study also extends the theory by identifying 

that dynamic capabilities are not simply sequential 

processes, but rather interdependent resources whose 

relative value shifts in response to environmental 

contingencies. In particular, this study suggests that 

market volatility serves as a critical environmental 

contingency that determines the optimal interplay 

between sensing and seizing capabilities. For instance, 

in turbulent environments, the predictive value of 

historical data diminishes, and broad sensing 

capabilities that capture diverse external signals 

become more decisive for forecasting accuracy. 

Conversely, under stable environments, the extensive 

accumulation of historical data through corporate 

capabilities of capturing long-term data becomes even 

more crucial, outweighing advanced analytics 

capabilities.  

 

Practical implication 

Building on these insights, this study offers 

practical implications. While restaurant demand often 

displays seasonal and repetitive patterns, events like 

the pandemic introduce external shocks, and such 

demand trends are no longer observable. Data 

capability becomes increasingly important in these 

market conditions. This highlights the value of 

investment in developing intermediate and advanced 

data capabilities.  

Additionally, restaurants should strategically 

invest in analytics capabilities to fully leverage the 

value of their data. This study demonstrates that even 

relatively basic data capabilities—such as historical 

sales data—can yield strong forecasting performance 

when combined with suitably selected intermediate 

(e.g., Theta) and advanced (e.g., deep learning-based 

pre-trained) models. The effectiveness of these 

advanced analytics capabilities increases with the 

increasing temporal length of data, especially in stable 

market conditions. In turbulent environments, data 

breadth becomes more important because historical 

demand trends are no longer reliable. Thus, acquiring 

external data relevant to external shocks or events 

becomes crucial to leverage the power of intermediate 

and advanced analytics capabilities. It becomes 

important to align investments in demand forecasting 

capabilities with market conditions.  

To guide such investments, this study provides a 

capability development roadmap for restaurants and 

similar service-sector organizations (Figure 8). In the 

initial stage, organizations should focus on 

establishing a solid foundation by consistently and 

accurately collecting historical sales data. As firms 

progress, they should emphasize the integration of 

internal promotional and calendar-based variables, 

including marketing campaigns, holidays, and special 

events, to improve forecasting granularity and 

responsiveness. Finally, for organizations that have 

achieved sufficient data maturity and temporal 

continuity, the roadmap recommends the strategic 
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incorporation of external market signals, such as 

macroeconomic indicators, weather data, and 

consumer sentiment, as well as the selective use of pre-

trained deep learning models. This phased approach 

enables restaurants to develop demand forecasting 

capabilities in alignment with both their organizational 

data assets and dynamic market conditions. This can 

further improve supply chain planning and meet 

customer demands. 

 

 
Figure 8: Capability Development Roadmap 

 

Scalability and integration with emerging 

technologies 

This study demonstrates that restaurants’ 

forecasting effectiveness depends not only on the 

advanced sensing and seizing capabilities themselves, 

but also on an understanding of market conditions for 

the optimal use of dynamic capabilities. The findings 

of this study suggest that firms with greater ability to 

sense diverse data sources (e.g., sales, promotions, 

external indicators) and to leverage analytics in 

decision-making processes can improve 

organizational efficiency and adaptability through 

stronger forecasting accuracy. However, the study also 

highlights that many restaurants remain at a basic 

stage, relying primarily on historical sales data.  

To address this limitation, this study tested a 

basic–intermediate–advanced framework for sensing 

and seizing capabilities. Real-world practices 

demonstrate how this framework can be further 

extended. For instance, Starbucks adopts an AI engine, 

called Deep Brew, which incorporates individual-level 

behavioral patterns (e.g., purchase histories, ordering 

time patterns, and menu preferences) and contextual 

information (e.g., weather, location, and store 

inventory) (Greenwood, 2024). The example of Deep 

Brew illustrates that Starbucks expands the scope of 

sensing to the micro-level of customer experience and 

general data. Another example is Amazon’s Chronos, 

discussed in our study. In terms of sensing capabilities, 

Chronos incorporates macro-level external data, such 

as pandemics, seasonality, and consumer sentiment, in 

addition to traditional internal sales data. On the 

seizing side, it leverages pre-trained models to analyze 

comprehensive data, which enables instantaneous 

predictions ("zero-shot predictions") without prior 

training (Ansari et al., 2024). 

These cases and our research findings 

demonstrate how the dynamic capabilities framework 

can be extended to restaurant industry practices and 

other industries that aim for mass personalization, 

adaptive AI-powered operations, and enhanced 

resilience in uncertain environments.  

 
Limitations and future research 

The findings of this study have limitations 
regarding their generalizability. First, the analysis is 
based on sales and promotion data from a single 
restaurant chain. Although the findings of the current 
study are consistent with prior work in different 
industries, future research should examine how the 
proposed framework performs across multiple 
organizations or sectors, such as hotels, retail, and 
other food service businesses. Second, the data 
duration is relatively short, spanning three and a half 
years. Third, the selection of variables for intermediate 
and advanced data capabilities was limited to time- 
and pandemic-related factors. In practice, a wider 
range of internal and external variables could be 
considered. In addition, the study examined two 
methods for each layer of analytics capability, while 
many other methods exist. In particular, the advanced 
analytics category encompasses a growing number of 
machine learning and deep learning approaches that 
warrant further investigation. Finally, model 
evaluation was based primarily on SMAPE. 
Incorporating additional metrics along with reporting 
dispersion would provide a more comprehensive 
assessment. Despite these limitations, we believe that 
the proposed framework and the experimental findings 
offer value to restaurant businesses by providing 
strategic guidance for demand forecasting practices 
and developments.  
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