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Summary

This thesis explores how inventory management and operational efficiency are affected by demand
forecasting accuracy in three Subway franchise restaurants in Gothenburg, Sweden. Quick-service
restaurants are characterized by high demand uncertainty, which means that while restaurants can
predict customer demand, other factors like weather conditions, seasonal variations, local events,
salary dates and so on, make it more difficult to predict customer demand precisely. The study
uses a qualitative case study approach based on the theory of Organisational Information Pro-
cessing (OIPT) through semi-structured interviews with the six participants i.e., three restaurant
managers and three team leaders in the three Subway food chain restaurant outlets, which are
independently owned in Gamlastaden, Linnegatan, and Centralstation.

The results show that demand forecasting in these restaurants is a combination of using the out-
puts of the point-of-sale (POS) system and making decisions at the moment based on managerial
experience. System accuracy has been consistently reported at 60-70%, with the rest of the accu-
racy depending on the context, which current tools are unable to capture. A primary structural
problem identified in the study is the lack of integration between the digital platforms such as
LivelQ, Personalkollen and SubVentory which require managers to manually synchronize data
between the platforms, which slows down their workflow, and maximizes the risk of forecasting
errors.

Forecasting inaccuracies have a direct impact on operations, such as food wastage due to over-
preparation, stockout situations when demand becomes high unexpectedly, and service issues due
to understaffing. The study recommends improvements to system integration like linking weather
forecasts and calendars to the system and formalizing the role of team leaders, which would sig-
nificantly bridge the gap between the information processing needs and the organisation’s capacity
to process information, which would lead to better results in inventory, lower waste and efficiency
in service.
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1 Introduction

From the outside, it seems simple and this is how a fast-food restaurant operates: People come in,
order, eat and then leave. A constant balancing act is going on behind this simple procedure, be-
tween having the right ingredients in the right place, the right staff on the floor and an understand-
ing of the flow and how busy this day will be. Likewise, customers' needs also fluctuate and are
difficult to predict. Demand forecasting is an important knowledge-intensive task in supply chain
management (SCM) [1]. It requires complex information processing as restaurants must combine
their data, market trends, and data from various organisations to make accurate predictions. De-
mand forecasting refers to predicting the amount of demand required for a product or service in
the future based on past data, context, and analysis to assist with making operational and strategic
decisions [2]. There are a lot of factors that may influence the number of people visiting a restau-
rant and what they are buying, such as seasons, weather, promotions, events in nearby locations,
office hours, school hours, train transits, time of day, and so on. This is one of the reasons why
it's so important for restaurants to be on the safe side. One of the keys is to conduct a demand
forecast that forecasts customers' demands in the future according to past data and influencing
factors.

However, there is a considerable effect on inventory management for demand Forecasting accu-
racy. Inventory in a restaurant is primarily defined as food and beverages (F&B) that will be out
of stock over a short period of time. When a restaurant predicts incorrectly with regard to their
customers' needs, they may face some issues regarding the stockout of main ingredients, the avail-
ability of products, stress to their employees, and ultimately, customer dissatisfaction. If the cus-
tomers feel that the restaurant does not offer their desired food or they have to wait for a long
time to get it, this can affect the restaurant's reputation. Therefore, it is crucial to have correct
forecasting. If the demand can be well predicted, the manager will be able to keep the stock at the
right level, without any shortage of stock or loss of stock [3], [4]. However, when the demand
forecasts are incorrect, it may cause overstocking or low levels in emergency periods, causing in-
efficiencies and additional costs [5].

Likewise, operational efficiency also has a great influence on demand forecasting. Their impact on
the financial and ecological efficiency of the restaurant and the needs of the restaurant should be
considered based on their orders and the food preparation. Previous studies identified the impact
of overstocking, food loss, and insufficient labour planning as the effects when forecasting the
quantity of food was not accurate [0], [7]). These can all impact the customer satisfaction, service
quality, and operating costs for the restaurant. Accurate forecasts make it easier to plan staff sched-
ules and avoid situations where there are too few employees during busy hours or too many during
slow periods [8], [9]. In this way, forecasting helps improve not only cost efficiency but also the
overall customer experience by ensuring smoother and faster service [10].

Forecasting demand has experienced significant transformations in the restaurant industry in re-
cent years. Over the last few years, there's been a lot of change in the prediction of demand in
restaurants due to digitalization. Several restaurants today rely on point-of-sale (POS) systems and
digital devices that gather large amounts of data regarding sales and customer flow. The infor-
mation collected can then be used in conjunction with other information, like machine learning
and artificial intelligence to further improve the accuracy of the forecast for the demand [11], [10].
Historical sales data, along with other variables (weather, holiday, events, promotions, etc.), can be
utilized to make better decisions to control demand uncertainty for restaurants [12]. Despite all
these technological developments, however, make it hard to be accurate all the time. While a large
number of digital forecasting tools are in use, limitations of these tools include the inability to be



well integrated with the system and the difficulty of comprehending unexpected external events,
data quality and contextual sensitivity [2]. In fact, restaurant managers often make use of forecasts
generated by the system as well as their experience and intuition in the business, and their past
observations of how the restaurant is running [13]. Therefore, forecasting is not only a technical
aspect but also a decision-making process of management that involves information, uncertainty
and managerial judgment [14]. The restaurant has to deal with the demand uncertainty and this is
closely related to how they can handle and use information. Restaurants have to gather data, ana-
lyse and then utilize it correctly in their day-to-day activities. Demand forecasting is like one of the
key pieces in the puzzle, as it can help to transform data into actionable insights and support
decision-making related to inventory, staffing and service planning. Furthermore, this capability
can be further strengthened via cutting-edge technologies, such as Al-powered forecasting sys-
tems, which can aid decision-making [1].

1.1 Context: Subway restaurant franchise

Founded in 1965 in the USA, Subway is one of the world's largest quick-service restaurant fran-
chise brands, selling food(sandwiches) to millions of customers each day from almost 37,000 res-
taurant locations that are owned and operated by thousands of small business owners and fran-
chisees who strive to provide the best in-store experience in their local community [15]. There are
approximately 160 Subway restaurants in Sweden, which is part of a master franchise. Nordic Bites
Group Oy owns over 15 years of experience in the operation of Subway restaurants in the Nordic
region since 2010 and has the exclusive master franchise rights in the Nordic countries of Sweden,
Finland, Norway, and Denmark with a total of almost 400 Subway outlets. The day-to-day task of
the business is handled by each franchisee, from inputting ingredients to staffing and stocking, to
making the business run as efficiently as possible.

Similarly, Sweden's urban density patterns, seasonal demand variation, and the fresh, perishable
nature of Subway's ingredients make the Swedish franchise context a relevant and practically
grounded setting in which to examine the relationship between demand forecasting accuracy, in-
ventory management, and operational performance. Gothenburg, Sweden's second-largest city and
the geographical focus of this study, exemplifies these dynamics well: its mix of office districts,
school areas, event venues, transport hubs, and residential areas generates notably different and
often unpredictable customer traffic patterns across individual store locations. As with the com-
pany itself, it is primarily a franchise operation, and the independently owned restaurants operate
according to procedures and employ managers who manage the restaurants on a daily basis [15].
Every restaurant manager at a Subway restaurant should try and figure out how many people the
restaurant will have on a particular day and then he decides the actions like: How many breads he
is going to bake, how many sandwiches he is going to sell, how many staffs he is going to employ
at a certain shift. You can't just put a ton of food in the back of the refrigerator and expect to
forget about it until you are ready to serve. In a quick-service restaurant, where products are fresh
and perishable, the margin for error is greater and the consequences of misjudgement accumulate
quickly in the form of food waste, stockouts, or labour inefficiency [15].

As one of the biggest fast food chain restaurants, Subway encounters a variable demand of its
customers in various outlets and times. According to the Subway management, there is uncertainty
in customer demand that directly affects day-to-day operational performance, which leads to chal-
lenges in labour scheduling and increased food waste and also creates external problems such as
longer waiting times, inconsistent quality service and negative customer experiences, which can
impact brand loyalty. Subway provides a useful and concrete case because it combines a globally
standardized franchise model with significant local operational autonomy. So, this study focuses



on Subway franchise restaurants in Sweden, examining how demand forecasting accuracy shapes
inventory management and day-to-day operational efficiency at the store level.

This is a qualitative study mainly built on interviews at three Subway restaurants in Gothenburg,
Sweden, in which the franchise managers and team leaders are involved. Instead of building and
testing a forecasting model, the main emphasis of this study is on understanding the human and
Organisational aspects of forecasting, how managers react to a demand forecast, how they do the
forecasting now and how digital infrastructure helps them or not to become better at making
forecasting-related decisions in their operation.

1.2 Purpose and Research Questions

The main problem addressed in this study is how restaurants deal with fluctuating customer de-
mand and how this affects daily operations in restaurants. Managing demand is not straightfor-
ward, especially in fast-paced environments like quick-service restaurants. Even though forecasting
tools such as POS systems and Personalkollen, as mentioned by the Manager of Subway, Central
Station, are available, it is still unclear how forecasting accuracy actually influences operational
decisions such as inventory control and staff planning. The purpose of this study is to explore how
demand forecasting accuracy impacts inventory management and operational efficiency in Subway
franchise restaurants in Gothenburg, Sweden. The study aims to understand how forecasting is
currently used, what challenges exist, and how improvements in forecasting can support better
decision-making.

The specific aims of the study are:

1. To explore current demand forecasting practices used in Subway restaurants

2. To examine how forecasting inaccuracy affects inventory outcomes such as waste,
overstocking, and stockouts

3. To investigate how demand forecasting supports operational decisions, such as staff

scheduling and planning

Based on these aims, this study addresses the following research questions:
Overall research question: How do current demand forecasting practices influence inventory management out-
comes and operational planning at the store level?

RQ 1: How is demand forecasting supporting operational decision-making in Subway res-
taurants?

RQ 2: How can data-driven forecasting methods improve inventory management and op-
erational efficiency?

1.3 Limitations

This study has several limitations that define its scope. First, it focuses only on demand forecasting
and its impact on inventory management and operational efficiency at the restaurant level. Broader
aspects such as overall business strategy or supplier-side operations are not included. Second, the
study is based on a qualitative case study of a limited number, i.e., three Subway restaurants in
Gothenburg. Because of this, the results may not be fully generalizable to other locations or res-
taurant chains. Third, the research mainly relies on interviews with managers and team leaders,
along with available operational data. Due to time and data access limitations, the study does not
include large-scale quantitative analysis or detailed technical evaluation of forecasting systems. Fi-
nally, the results are based on the experiences and perspectives of the participants. However, ef-
forts are made to ensure reliability by using multiple data sources and systematic analysis.



2 Theoretical Overview

This chapter establishes the contextual and theoretical foundation for the study. It presents the
existing research on the role of demand forecasting in assisting key operational activities within
quick-service restaurants, including inventory control and management, staff scheduling, and min-
imizing food waste. At the same time, literature is also exploring the growing role of digital tools
and data-driven approaches in improving demand forecasting accuracy along with the current gaps
of the research. The chapter then presents Organisational Information Processing Theory (OIPT)
as the main theoretical framework, emphasizing its significance to understanding how restaurants
process information to navigate uncertainty and make better operational decisions.

2.1 Related Research

2.1.1 Demand Forecasting in the Restaurant Operation

Demand forecasting is an important component of operational planning in the restaurant and
hospitality industries because it helps organisations anticipate customer demand and allocate re-
sources more effectively [2]. When restaurants can accurately predict future demand, they will be
better able to prepare for fluctuations in customer orders and adjust key operational activities such
as food preparation, inventory purchasing, and staff scheduling [6]. This is especially relevant for
quick-service restaurants, where customer demand can vary significantly depending on the time of
day, seasonal patterns, or ongoing promotions [16]. Recent research shows that forecasting meth-
ods in the restaurant sector are gradually shifting from traditional statistical approaches toward
more data-driven and machine-learning-based techniques [11]. These new approaches combine
information from different sources, including historical sales data, weather conditions, holidays,
and promotional campaigns, to generate more reliable demand predictions [10]. By integrating
internal operational data with external environmental factors, restaurants can significantly improve
forecasting accuracy and reduce uncertainty in daily operations [12]. Several studies also show that
demand forecasting has a direct impact on service quality and operational planning within restau-
rant environments [2]. Accurate demand forecasts help managers to determine appropriate quan-
tities of ingredients and avoid stockouts during peak demand periods [7]. On the other hand, poor
forecasts may result in overproduction, unnecessary food waste, and inefficient use of labour re-
sources [10]. For this reason, demand forecasting accuracy is widely considered a key factor influ-
encing overall operational performance in food service organisations [11].

2.1.2 Demand Forecasting Accuracy and Inventory Management in a Restaurant

Inventory management is closely connected to demand forecasting because inventory decisions
largely depend on expectations of future customer demand [4]. In both retail and food service
industries, accurate demand forecasts enable managers to maintain appropriate stock levels and
minimize the risk of stockouts or excess inventory [3]. This issue is particularly important in res-
taurant operations because many food products are perishable and have relatively short shelf lives
[5]. If inventory levels are too high, products may expire before they are used, which leads to
increased food waste and higher operational costs. Several studies have shown that improved de-
mand forecasting accuracy can significantly enhance inventory performance by better aligning sup-
ply with customer demand [17]. Reliable demand forecasts help restaurants to maintain balanced
stock levels while minimizing waste and unnecessary overstocking (Research on Optimization of
Inventory Management Based on Demand Forecasting). In contrast, inaccurate demand forecasts
often lead to inefficient inventory practices, such as excess food waste or shortages of key ingre-
dients during busy pertiods [5]. In quick-service restaurants, forecasting also supports short-term
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inventory planning and procurement decisions [7]. Managers often depend on demand predictions
when estimating daily ingredient requirements and scheduling supplier deliveries [4]. Conse-
quently, forecasting accuracy plays an essential role in improving inventory efficiency and control-
ling costs within restaurant supply chains [3].

2.1.3 Demand Forecasting and Operation Efficiency

Operational efficiency in restaurants refers to the ability to deliver services effectively while mini-
mizing waste and maintaining high levels of service quality and customer satisfaction [10]. Demand
forecasting contributes to operational efficiency by helping managers align available resources with
expected customer demand [8]. Demand forecasting information is particularly useful for mana-
gerial decisions such as staff scheduling, food preparation planning, and procurement strategies
[9]. When demand predictions are accurate, restaurants can schedule employees more effectively
and can avoid both understaffing during rush hours and overstaffing during slower hours [8§].
Forecasting models can estimate daily customer flow patterns, which allows managers to determine
the optimal number of employees required during peak and off-peak hours [18]. More effective
labour scheduling not only improves operational efficiency but can also reduce labour costs [9].
Demand forecasting also supports sustainability goals within the food service industry by helping
restaurants reduce food waste and improve resource utilization [10]. When restaurants can more
accurately predict customer demand, they can produce food in demanded quantities that closely
match actual consumption levels, which helps to minimize unnecessary waste and operational in-
efficiencies [5]. As a result, demand forecasting accuracy has become an important element of
modern restaurant operations and supply chain management [11].

2.1.4 Digitalization and Data-Driven Forecasting in the Restaurant Sector

A recurring theme in the reviewed articles is that access to detailed point-of-sale (POS) data has
fundamentally changed how demand forecasting can be implemented in restaurants. The improved
POS reporting and higher-quality data can significantly enhance demand forecast accuracy and
improve replenishment decisions in retail environments similar to food-service chains [19]. The
basic insight is intuitive: the better you observe what customers have actually purchased, and when,
the better positioned you are to anticipate what they will purchase next. Similarly, Lasek et al. [10]
found that combining POS data with external factors such as holidays, weather conditions, and
calendar events produces more accurate forecasts than relying solely on historical sales averages.
Chae et al. [11] provide further evidence from a large restaurant chain, showing that machine-
learning and deep learning models trained on extensive POS data outperform traditional statistical
methods as well as experience-based managerial forecasting. Tanizaki et al. [6] also show that res-
taurant demand can be predicted with high accuracy when statistical learning methods are com-
bined with operational variables such as menu categories and opening hours. Building on this
work, Posch et al. [20] introduce Bayesian demand models for restaurants and staff canteens,
illustrating how probabilistic forecasting approaches can better capture uncertainty in sales vol-
umes. Meanwhile, Sikder [21] further examines how digital transformation in franchise food chains
creates new possibilities for data integration from multiple operational sources, including POS
data, online ordering records, and supply chain information, which can all be brought together in
one platform, the informational foundation for demand forecasting improves considerably.

2.2 Organisational Information Processing Theory

This study adopts Organisational Information Processing Theory (OIPT) as the primary theoreti-
cal framework to explain how organisations utilize demand-related operational information, espe-
cially sales transaction data, seasonal patterns, POS outputs and inventory records to support op-



erational decision-making. A key contributor to this theory is Galbraith [22], who frames this the-
ory is the mechanism through which organisations manage task uncertainty, and the type of infor-
mation is central to grounding the theory in practice [22]. OIPT describes how organisations col-
lect, process, and use relevant information to minimize uncertainty and improve decision-making
[22]. According to this theory, Organisations face unpredictable environments, and they must de-
velop strong information processing capabilities, system to manage this uncertainty so that they
are better able to improve operational performance and make accurate decisions. Additionally,
Tushman and Nadler [23] also further developed IPT in Organisational design contexts. According
to Galbraith, “T'he greater the task uncertainty, the greater the amount of information that must be processed
among decision makers during task execution in order to achieve a given level of performance.” [24, p. 4]

Initial conceptual ideas offered a useful foundation, yet they did not fully capture the dynamic
interplay observed between uncertainty, information needs, and how they are deployed to respond
to them. This led to a closer exploration of theoretical perspectives that specifically address the
connection between environmental uncertainty, information requirements and organisations' ca-
pacity to manage them [1]. In this context, Organisational Information Processing Theory (OIPT)
Galbraith [22], Tushman and Nadler [23] proved to be the most suitable framework, that align
between information processing requirements (IPRs) and information processing capabilities
(IPCs) closely reflected the challenges involved in implementing customer demand forecasting
within complex environments. To understand how OIPT can be effectively applied to demand
forecasting, the following section will study two key components of the framework, information
processing requirements and capacities, and explain their role in demand forecasting systems.

2.2.1 Information Processing Requirements (IPRs) in demand forecasting

IPRS emerge from the complexity and uncertainty of the organisation’s environment and tasks.
Uncertainty can be defined as the gap between the information available and the information
needed to complete a task [23]. IPRs describe how much and what kind of information an organ-
isation needs to deal with uncertainty in its environment. As described by Galbraith [22], when
tasks become more uncertain, organisations need more information and knowledge to make ef-
fective decisions. Tushman and Nadler [23] strengthened this idea by pointing out that the level
of information needed relies upon how dynamic and complex the environment is. In demand
forecasting, organisations must process a wide range of information, especially in volatile and data-
intensive contexts, including operational factors, demand patterns and external influences. Scarton
et al. [1] pointed out that Al systems increase the demand for information processing because they
rely on integrating multiple data sources and responding quickly to changes in demand.

2.2.2 Information Processing Capabilities (IPCs) in demand forecasting

Information processing capabilities mean an organisation’s ability to collect, evaluate, and use in-
formation to minimize uncertainty and improve decision-making. Galbraith [22] suggests that or-
ganisations need to develop suitable mechanisms to handle their information requirements, while
Tushman and Nadler [23] focus on the fact that both organisational technology and design play
significant roles in reinforcing these capabilities. In this new era, modern technologies such as
POS, artificial intelligence, and machine learning have significantly improved the accuracy of de-
mand forecasting and handling organisations' process information. Chae et al [11] state that data-
driven forecasting models can operate on large and complex datasets in a better way, ultimately
leading to more reliable forecasting. Digital transformation in the food industry has further
strengthened the importance of information processing capabilities. Sikder [21] highlights that
many operational sources, including POS data, upstream supply-chain networks, and online
ordering channel information, can be consolidated and accessible through digital platforms within
franchise systems. This digital platform strengthens restaurants’ capacity to process information
perfectly and makes it easier to embed data-driven decision-making practices in daily operations.
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The adoption of digital tools and point-of-sale (POS) technologies has considerably strengthened
managers' capacity to gather and use demand-related data in the restaurant sector. Managers use
POS data to identify peak customer order times to optimize staffing levels, monitor ingredient
consumption patterns and restocking schedules, and evaluate the gap between actual versus pre-
dicted sales to refine future predictions. Integrated POS transaction details with operational varia-
bles like service hours and menu categories have noticeably improved the forecast reliability [6].
Hartzel and wood [19] further stated that the quality of POS reporting directly translates into better
restocking planning. Through the lens of OIPT, these modern technological capabilities enhance
organisations to respond to uncertainty more effectively and align their operational activities with
changing demand environment conditions.

Figure 1 illustrates the information processing flow that supports demand forecasting in Subway
restaurant operations, based on Information Processing Theory. The process starts with a high
level of task uncertainty, mainly caused by changing customer demand, seasonal trends, and exter-
nal factors such as promotions and weather conditions. As this uncertainty increases, the organi-
sations’ information processing requirements, meaning that managers require more detailed and
varied data to make effective decisions [22],[23]. To connect this, restaurants collect information
from different sources such as POS systems, observed customer flows, upcoming events, weather,
historical sales records, and the experience of managers and staff. These different categorised of
information support to reduce uncertainty and enhance the accuracy of demand forecasts in res-
taurants.

The framework also highlights the importance of information processing capabilities, which refer
to how well the organisation can effectively make sense of the data it collects. In operational prac-
tice, this incorporates using POS systems, digital forecasting tools, and experiential managerial
judgment to evaluate the data and generate useful forecasts. These findings derived from the pro-
cess which are supportive in critical operational decisions, such as how much food needs to be
prepared, how much inventory should be ordered and how staff should be scheduled across shifts.
Opverall, the framework shows that effective demand forecasting depends on maintaining a balance
between the need for information and its actual ability to process that information. When restau-
rants achieved in striking this balance, restaurants are better equipped to manage operational un-
certainty, make more accurate demand predictions, and improve the standard of their overall op-
erational performance.



Information Processing flow for demand forecasting in Subway food chain restaurants
1. High task uncertainty
(volatile customer demand)

2. Information acquisition
- Collects POS historical sales data, transaction data
- Observed customer flows, weather, events, seasonal patterns, promotions
- Gather Manager & staff experience

3. Information interpretation & forecasting
- Generate POS reports & summaries
- Use manager Judgment, expetience/ digital tools
- Produce daily and weekly forecast

4. Operational outcomes
- Inventory management (Waste / overstock / stockouts)
- Staff utilization and quick, quality service
- Customer satisfaction & brand loyalty
W
5. Feedback & learning
- Identify causes of gaps
- Better forecasting system

Figure 1. Conceptual Framework Diagram [22], [23]

Above all, Scarton et al. [1] conduct a qualitative action research approach to investigate how Al-
driven demand forecasting systems effects organisational decision-making and information man-
agement practices. Representing on Organisational Information Processing Theory (OIPT), to ex-
plain that organisations operating within volatile and rapidly changing environments require access
to larger amounts of accurate and timely information in order to make effective decisions. The
researchers find that Al-enhanced forecasting systems reinforce organisational information pro-
cessing capabilities by supporting firms to gather, integrate, and analyse data from multiple opera-
tional sources including supplier data, historical sales records, inventory records, and external mar-
ket signals through close collaboration with an Italian manufacturing company. From an OIPT
perspective, the findings indicate these technologies do more than enhance forecasting accuracy,
they also reshape how organisations structure their information flows, build shared understanding
around forecasting data and coordinate decision-making procedures. These inputs make the article
basically relevant to restaurant demand forecasting settings where managers are regularly required
to process customer demand fluctuations, POS data, inventory data, and operational constraints
in order to assist day-to-day decision-making,.

Organisational Information Processing Theory (OIPT) suggests that organisations perform more
effectively when their ability to process information is proportionate to the complexity of their
operating environment [16]. Chae et al. [11] consider this idea by demonstrating that restaurants
facing unpredictable demand, disruptions like COVID-19, seasonal patterns, driven by economic
volatility can no longer depend on experience and basic historical data alone. Their research found
that integrating internal sales information with external contextual variables, processed through
deep learning and machine learning models, generates significantly robust forecasting results. In
OIPT framework, embracing advanced analytics is not just a technological choice but a necessary
organisational adaptation to growing environmental uncertainty one that directly influences how
accurately a restaurant can plan its procurement, ordering and allocation of its resource’s activities.



Previous research on restaurant demand forecasting more broadly supports the idea that infor-
mation processing is central to operational decision-making. Tanizaki et al. [6] focuses that fore-
casting models built on statistical analysis and machine learning allow restaurants to better antici-
pate demand and align staffing, purchasing, and other operational activities with expected sales.
Furthermore, the embedding demand forecasting systems directly store management processes,
strengthens planning and inventory control [7]. By drawing on large, integrated datasets from sales
and operational systems, restaurants can generate more reliable forecasts and use them to guide
everyday operational decisions.

2.3 Research Gap

There are several gaps remaining in the literature despite extensive research conducted on cus-
tomer demand forecasting and inventory management.

First, many forecasting studies focus on building algorithms and quantitative forecasting models
for instance machine learning, deep learning, and artificial intelligence techniques, but often over-
look real-world applications in operational stores, limited research explore on how restaurant man-
agers use demand forecasting information in practical operational planning and decision-making.

Second, most of the studies emphasize demand forecasting and inventory management within
large-scale manufacturing and retail comparatively less studies examine the quick-service restaurant
sectors [3]. There is a lack of context-specific research within quick service restaurant environ-
ments that operate under operational constraints, deal with perishable inventory, operate fast-
paced service, and fluctuating customer demand [10]. Similarly, limited research studies integrated
the relationship between forecasting accuracy, inventory management, and operational efficiency
within fast food restaurants.

Third, there is less qualitative research investigating how forecasting practices influence opera-
tional-level decision-making processes such as food waste management, inventory record keeping,
and staff scheduling within franchise-based restaurant systems [7]. To know depth knowledge in
these processes is important in global franchise food chains where operational practices may vary
across individual stores.

To address these gaps, this study focuses on Subway franchise restaurants in Sweden, examining
how demand forecasting accuracy shapes inventory management and day-to-day operational effi-
ciency at the store level. Subway provides a useful and concrete case because it combines a globally
standardized franchise model with significant local operational autonomy. Individual franchise op-
erators are responsible for ordering ingredients, scheduling staff, and managing daily operations,
and all decisions are directly influenced by how well they can anticipate customer demand. At the
same time, Subway's reliance on fresh, perishable ingredients makes the cost of forecasting errors
particularly visible in the form of food waste or stockouts.



3 Methodology

This study follows a qualitative explorative approach and a case study methodology based on the
belief that social phenomena, such as the operational decision-making processes of managers and
team leaders, cannot be fully understood just through numbers [25]. The study aimed to explore
how demand forecasting is understood and practiced within real-world fast-food restaurants. A
qualitative research approach was appropriate because it allows for detailed insights into the "why"
and "how" behind operational practices, rather than just simply measuring with numbers what
happens [25]. A case study approach allows in-depth investigation of current practices, percep-
tions, and challenges within Subway restaurants, aligning with operations and service management
research traditions [26]. By analysing multiple branches of the same franchise chain, it was possible
to compare results and identify shared patterns while still considering differences at the store level.
The focus of this study is on current demand forecasting practices and their inaccurate effects on
inventory management, ordering decisions, staff scheduling, and operational efficiency. Limiting
the study to one brand operating under standardized corporate procedures across locations, but
with varying customer demographics and traffic patterns, provided a strong basis for cross-site
comparison.

3.1 Data Collection

This research is based on both primary and secondary data to ensure a complete understanding of
the research problem. For primary data, six interviews with managers and team leaders at three
differently owned Subway restaurants in Gothenburg City, Sweden were conducted. Initially, 12
Subway stores were visited to obtain a general understanding of operational practices and a dis-
tributed question guide, along with a consent form to identify suitable cases for detailed infor-
mation. Due to the absence of managers in stores, unavailability of their time, and unwillingness
to interview, only six interviews with managers and team leaders of independently owned Subway
restaurants were conducted. Secondary data included available documents, such forecasts data
from their system, internal documents, visits, observation of forecasting tools and systems.

3.1.1 Primary Data

Primary data were collected through semi-structured interviews. Semi-structured interviews are
widely recommended in qualitative research for exploring processes and experiences [27]. This
enabled the study to capture variations in managerial practices, operational decision-making pro-
cesses, and forecasting approaches. Semi-structured interviews were conducted with store manag-
ers and team leaders from the three different owner Subway restaurants and locations Gamlas-
taden, Linnegatan, and Centralstation within Gothenburg City, Sweden. In total, six respondents
participated in the study. Two distinct participant groups were interviewed: store managers and
team leaders. Managers hold overall responsibility for forecasting, inventory control, ordering, and
scheduling decisions, while team leaders observe demand fluctuations on the restaurant floor in
real time and carry out day-to-day operational adjustments.
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Participant | Subway owned com- | Position Job Responsibility Work experience

ID pany

M-G Winnel AB, Gamles- | Manager Overall management of the store | 9 years
tads Torg Travel Ctr. including scheduling the staff, main-

taining the food cost, staff cost and the
inventory, materials

M-L Resub AB, Linnegatan | Owner & | Overall store operational and financial | 15 years
55 Manager management, recruitment, staffing,

reviewing sales figures, safety records,
maintain coordination with suppliers

M-C Conic Restaurant AB, | Manager Manager of 3 different stores of one | 5 years
Nils Ericsonplatsen 5 ownet, staffing schedule, hiring people,
(Centralstation) finalising their salaries, ordering and

inventory and sales report update in
the system.

TL-G Winnel AB, Gamles- | Team Leader | Manage daily store operations, support | 2 years
tads Torg Travel Ctr. &  Sandwich | team members, ensure customer satis-

Artist faction and maintain food quality and
of coutse, cleanliness.

TL-L Resub AB, Linnegatan | Team Leader | Keep things moving, watching the | 2.5 years

55 &  Sandwich | queue, stepping in when someone

Artist needs help, handling anything that
comes up with a customer that's be-
yond what a sandwich artist should
have to deal with.

TL-C Conic Restaurant AB, | Team Leader | Supervised staff during the shift, man- | 2.5 years
Nils Ericsonplatsen 5 | &  Sandwich | age and solve the operation problems,
(Centralstation) Artist focus more on the food safety, try to

make sure service quality meet the
company standard, monitor product
availability and support smooth work-
flow during the rush hour and time.

Table 1: Participant’s Information

The interviews were conducted between 30 and 45 minutes in person, in English, at the store
locations. With the informed consent of participants, all interviews were recorded and, afterwards,
verbatim transcribed. The interview guides were designed for each participant group: managers
were questioned primarily about demand forecasting practices & tools, process of demand fore-
casting in store, inventory management, ordering systems, scheduling decisions, and their overall
assessment of forecast accuracy, whereas team leaders were asked about their forecasting infor-
mation flow, day-to-day experience of demand variability, stockouts, food waste, employee work-
load, service quality, and customer service pressures (Appendix B).

3.2 Case description

Subway operates under a franchise-based model, where individual restaurants are independently
operated while following standardized corporate procedures, systems, and operational guidelines.
This setup provides a relevant setting to explore how demand forecasting is applied in practice,
especially in high variability in customer demand and operational pressure. To develop an initial
understanding of operational practices, approximately 12 Subway stores were visited within
Gothenburg, Sweden. Based on these observations, semi-structured interviews were conducted
with restaurant managers and team leaders representing different ownership of Subway restaurants
from three stores. This selection allows for a more comprehensive understanding of how forecast-
ing practices may vary across individual stores in spite of operating under the same franchise
framework.

The unit of analysis is designated at the store level, with specific emphasis on restaurant managers

and team leaders. The restaurant manager is responsible for overall operations, including ordering,
inventory management, staff scheduling, and sales reporting. They are also directly engaging with
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utilizing digital tools and forecasting systems to estimate future demand. In contrast, team leaders
are primarily responsible for executing daily operations, managing workflows during peak hours,
overseeing staff, and assisting decision-making through real-time observations.

3.2.1 Forecasting in the restaurants

Point-of-sale (POS) systems are the main element of demand forecasting in these stores, where
these systems record all sales transaction details and produce detailed data on hourly sales patterns,
product demand, and customer flow. Simultaneously, this data is then applied as a primary input
for forecasting tools. Managers transfer these POS data into Personalkollen applications manually
& Live 1Q applications (comes automatically) to overlook houtly, daily, weekly, or monthly sales
history, patterns, and used for materials ordering, staff planning, and future sales estimation. These
systems produce numerical outputs and forecasts based on historical sales data. Following the
trends and reports, managers analyse customer demand on a daily, weekly, and monthly basis in
the store. However, the system does not fully interpret contextual factors, which need managers
to rely on their own experience and judgment when making final decisions. The findings show
that forecasting accuracy is moderate rather than exact. Managers reported that the system pro-
vides approximately 60—70% accuracy, but it cannot fully capture unexpected variations in de-
mand. Forecast failures often occur due to external and unpredictable factors such as weather
changes, office and school hours, buying capacity or willingness of customers, salary periods, and
local events that cannot be identified from the POS and internal applications. For example, esti-
mating high sales during salary periods does not always occur as a result; it leads to over-prepara-
tion and food waste. Similarly, sudden increases in demand, particularly during summer or peak
hours, can result in stockouts and missed sales opportunities.

Material ordering decisions are closely linked to forecasting results but are also strongly controlled
by managerial experience. Managers basically place orders based on an integration of historical
sales data, system-generated forecasts, and personal judgment. Ordering is usually planned in ad-
vance, for instance, twice a week through the SubVentory application, where all the store inventory
record keeping is maintained. The SubVentory application has always updated records that guide
the managers on how much quantity should be ordered as per predicted customer demand for
upcoming days.

At the operational level, team leaders play a key role in controlling real-time demand fluctuations.
Although they are not involved in generating forecasts, they regularly monitor POS data and ob-
serve customer flow throughout the day. During their shift, they make instant adjustments, such
as increasing food preparation in response to unexpected peak hours in customer demand or real-
locating staff members to manage service efficiency. This addresses the important role of human
intervention in supplementing and refining the outputs of system-generated forecasts. During pe-
riods of high demand, two Subway restaurants (same owner) located in central stations shared staff
or resources to alleviate customer demand pressure, maintain service quality, and also support
operational flexibility. This informal coordination and collaboration support demand variability
but is not always systematically structured.

The franchise system provides standardized tools and platforms for forecasting, staff scheduling,
and inventory management. However, the findings indicate that while these systems are useful,
they also have certain limitations. Specifically, the lack of full integration between different systems
(e.g., POS, inventory, and forecasting tools) reduces their overall effectiveness. Managers noted
that improved integration and more advanced data-driven features with tracking future events,
promotions, and weather forecasts potentially supported and could enhance forecasting accuracy
and decision-making. At the same time, there is a general understanding that achieving 100% or
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complete forecasting accuracy is unrealistic due to the inherently uncertain nature of customer
demand.

Opverall, the case demonstrates customer demand forecasting in restaurant operations based on a
combination of digital systems and human experience and judgment. Although forecasting tools
provide a systematic basis, the final decisions heavily rely on ground observations, managerial ex-
perience, and operational flexibility. This interaction between technology and human decision-
making plays a crucial role in shaping inventory outcomes and operational efficiency in Subway
restaurant operations.

3.3 Data analysis: Thematic coding

For data analysis, a thematic analysis was used to analyse the qualitative data collected through
semi-structured interviews [28]. Thematic analysis was chosen because it is flexible and can be used
to identify, analyse, and interpret patterns in qualitative data. The interviews were audio recorded,
then transcribed, and a thematic coding framework was manually created from the data of all six
participants in the three stores. Two sets of coding sheets were created to code the manager inter-
views and team leader interviews, and then collapsed into five overarching themes, with several
sub-themes and codes, and the participant key responses included. Initial codes were used during
the coding process, which was an iterative process, and codes were refined as more patterns be-

came apparent.

Phase Description Application in This Study
Phase 1 Reading and re-reading all interview | All six interview transcripts from managers and
Familiarisation transcripts carefully to become deeply | team leaders at Gamlastaden, Linnegatan, and Cen-

with the Data

familiar with the content what partici-
pants said and how they said it [28].

tralstation were read multiple times to understand
their experiences. At this stage, no coding took
place, the focus was entirely observing what topics,
experience, feelings, and concerns kept emerging
naturally in patticipants' own words.

Phase 2

Generating Initial
Codes

Systematic coding of meaningful data
segments across the dataset.

Each transcript was gone through line by line and
linked to “Demand forecasting”, “Historical sales data”,
“Use of POS data”, “Weekly inventory reporting” were
tagged with a code.

Phase 3

Searching for
Themes

Grouping codes into broader themes to
identify patterns.

Codes were organized into themes such as Demwand
Forecasting Practices, “Digital Tools & Systens” “Impact
on operational efficiency” based on similarities and re-
lationships. Codes referring to the same topic were
brought together.”

Phase 4

Reviewing Themes

Refining and checking themes for con-
sistency and relevance.

Themes were reviewed, each cluster was checked
against all data, and some were merged or refined.
For example, “staff scheduling and operational efficiency™
are merged in one theme due to similarities codes.

Phase 5

Defining and
Naming Themes

Clearly defining each theme and identi-
fying sub-themes.

Themes and Sub-theme were clearly named and
desctibed. Five themes were finalised: (1) Demand
Forecasting Practices, (2) Digital Tools and Sys-
tems, (3) Impact on Inventory Management, (4)
Staff Scheduling and Operational Efficiency (5)
Future Improvements and Technology. Separate
records of the manager and team leader coding
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Phase Description Application in This Study

frameworks were kept throughout, making it easier
to identify and compare differences between the

two groups.
Phase 6 Presenting results with supporting data | Themes were presented in the results chapter with
Producing the Re- and analysis. participant quotes brought in to keep the analysis

realistic in real voices and theoretical frameworks

port _ ¢ - _
to explain operational level forecasting practices.

Although, Manger and Team leader coding were
kept separately, key result, results are summarized
and included under the five themes for clarity.

Table 1: Thematic Process Analysis

In all five themes, 28 different codes were identified in the manager coding sheet, of which the
responses of the Gamlastaden, Linnegatan and Centralstation managers were used. Likewise, 27
codes were collected from the team leader coding sheet and four themes emerged, while an addi-
tional theme (Theme 3: Impact on Operational Efficiency) emerged from the team leaders front-
line service pressures later on it merged together under (Staff Scheduling and Operational Effi-
ciency) theme. The main themes were then reviewed, refined and clearly defined to ensure they
accurately reflected the data. Finally, the themes were interpreted in relation to the theoretical
frameworks of the Organisational Information Processing Theory, outlined in Chapter 2, This
approach enabled a comprehensive understanding of demand forecasting practices and inaccuracy
impact on overall operation and inventory of the fast-food chain restaurants.

3.4 Research Quality

To ensure the quality of research, in qualitative studies, the researcher must pay attention to the
standards that are similar to those of reliability and validity in quantitative studies. The focus of
this thesis is on the four criteria for assessing quality that [29] have identified: credibility, transfer-
ability, confirmability, and dependability.

Credibility is the degree of trustworthiness of results, and how they represent the participants lived
experiences. Triangulation of response was gained in this study by conducting interviews with
participants from two different roles (manager and team leaders) at three different stores. The use
of direct quotes from the subjects is also transparent under the results chapter.

Transferability has to do with the extent to which results apply to other situations. This study is
not statistically generalizable, however throughout this thesis rich and detailed descriptions of the
research context are provided which allow the broader socio-economic context of Subway food
chain restaurants to be considered. Although the information collected was on Subway restaurants
in Gothenburg, the observations (such as disconnected digital systems and the lack of wanting to
waste food or the risk to run out) are based on experience and will likely resonate with others
operating quick service restaurants.

Dependability is the continuity and stability of the research process over a period of time. The
research design, data collection methods, interview questions, and decisions in the analysis are
systematically documented in this thesis to increase reliability. The six phases of thematic analysis
developed by [28] offered a structured and consistent process of analysis, which was followed and
reviewed by external reviewers [29].
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Confirmability looks to see if results are influenced by data, participants, or researcher bias. To
ensure confirmability, the basis of the coding framework was presented in the participants' own
words, and the interpretation of the data was minimised by the influence of the pre-existing as-
sumptions.

3.5 Ethical Considerations

Ethical issues are significant to ensure that the study is conducted in a manner that is respectful to
research participants and that safeguards their rights. The key principles of this study include in-
formed consent, voluntary participation, confidentiality, and safe handling of data [30]. These prin-
ciples are individualized and explained below as to how each one was respected in this study.

Informed Consent

Participants must have a full understanding of the nature of the research before consenting to
participate, which means that they agree to do [30]. Participants were thoroughly informed about
the purpose of the study, the subject matter to be covered in the interview, and the use of the data
that would be gathered before each interview. This information was communicated in the consent
paper and interview guide, which was shared before the interview was conducted. All participants
were also told that the interview would be transcribed and that their participation was strictly vol-
untary. The use of video recordings has been approved verbally at the beginning of each session.
Importantly, participants were informed that they had the right to withdraw their consent at any
time during the interview or after, with no disadvantage.

Voluntary Participation

All study participants were volunteers. No participant was coerced, encouraged, or required to
participate. All participants who consented to an interview were told they could stop at any point
in the process for no reason and also that they had the right to refuse to answer any question
without penalty. This method is in line with the ethical responsibility to safeguard participants
from any type of pressure or coercion and make sure their involvement in the study was truly
voluntary and not coerced into any specific actions throughout the process [30].

Confidentiality

All participants were kept anonymous throughout this study. There are no actual names of people
who work used throughout this thesis. Rather, the participants are asked to use codes that do not
identify any individual but are instead anonymous (e.g., M-G, M-L). In the same way, mention of
the organisations is kept general enough not to lead to identification. This is in line with the com-
mon ethical principles of qualitative research, which are that participants are kept anonymous in
order to promote patticipants' honesty and openness, as well as to safeguard them from any po-
tential professional or social repercussions [30]. All information obtained during the interviews
was treated as confidential, and no information was passed on to third parties.
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Safe Data Handling

During the study, all data were handled according to the guidelines for data management within
the university. The recordings and transcripts of these interviews were made and stored in pass-
word-protected files; only the researchers had this password and had access to them. Personal
devices, unencrypted communications, and third-party platforms were not used to store or share
recordings or transcripts. The data will only be used in this research for academic purposes and
will not be sold or shared outside the research team. After completion and submission of this
thesis, all raw data (including recordings and identifiable transcriptions) will be destroyed in ac-
cordance with institutional guidelines. The steps aimed to ensure the safe and proper handling of
the personal information and responses of the participants, in line with the principles of data pro-
tection.

3.6 Use of Al Tools

During the preparation of this thesis, the following Al-assisted writing tools (ChatGPT, Co-pilot,
and Claude) were used to assist in synthesizing, editing, and formatting content. The research de-
sign, data collection, analysis, and interpretation of results were done by the authors. Al tools were
not used to create, manipulate, or modify interview data or thematic codes. The thematic coding
system, as well as the results that arise from it, is the analytical interpretation of the authors, which
is solidly based on the empirical evidence gathered from the six respondents.
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4 Results

This chapter presents the empirical results from the semi-structured interviews conducted with six
respondents at three independently owned Subway franchise restaurants in Gothenburg, Sweden:
Gamlastaden, Linnegatan, and Centralstation. Three store managers and three team leaders par-
ticipated and data were collected from both managerial planning and front-line operational expe-
rience providing dual-perspective data capturing. In this chapter, the terms used for the respond-
ents are abbreviated as follows: M-G = Manager Gamlastaden, M-L. = Manager Linnegatan, M-C
= Manager Centralstation, TL-G = Team Leader Gamlastaden, TL-L. = Team Leader Linnegatan,
and TL-C = Team Leader Centralstation. Direct quotations from each respondent are provided
to ensure balanced evidential representation. The results were analysed and to some extent corre-
sponding to the interview guides into five thematic themes derived from the thematic coding
framework. For each theme, manager and team leader results are presented in separate sub-sec-
tions representing key information each theme.

4.1 Demand Forecasting Practices

4.1.1 Historical Sales Data as the Primary Forecasting Basis

All three store managers used historical sales data as the primary input to demand forecasting.
Managers regularly go through the prior weeks' and previous years' sales records to estimate future
demand. The M-G explained:
"The customer demand, how we predict this, depends on the historical data. So, how you see the last year
or the before year or the last week sometimes. So, according to that we will know the customer demands.
We mostly rely on the historical data."

M-L described comparing the current week with the same week in the last year as a solid baseline:
"I abways pull last week's sales data and compare it to the same week in the previous year. That gives me
a solid baseline."

M-C focused the role of Personalkollen as essential part in this process:
"Personalkollen tells us about forecasting, like a last year and what sales, and then we predict how niuch
sales like this year."

All three managers also emphasized that their own personal judgement and experience were often
more important than the system generated reports. These highlights managers rely on both data-
driven outputs and their own practical operational knowledge for forecasting decision-making.

4.1.2 External Environmental Demand Drivers

Beyond historical data, managers always identified a range of contextual factors that significantly
influence demand variability and which need to be required for active forecasting adjustment:
Weather: M-G said: All three restaurants explained that weather has a powerful and often unpre-
dictable effect on the number of people eating out. "If the weather is good, as it is today, it is raining, not
minch busy”.

Seasonality: Particularly during summer and vacation periods, there is significant variation
in demand patterns shift. The M-G highlighted strong seasonal cycles due to the surround-
ing office environment, while the M-C described summer stockout events as a recurring
challenge.
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Local events: The M-L tracked local markets, school events and venue programming as
demand signals while the M-C pointed to being close to a stadium and train station that
continued to create demand fluctuation.

Salary week effect: Managers in all three stores had as expectation of increased demand
during salary weeks but realized this assumption did not always materialise, which resulted
leading to over-preparation and waste.

Promotions and new menu launch: Limited-time offers and new menu introductions were
recognised as reliable short-term demand drivers requiring additional ingredient ordering.

All three Subway restaurants, demand forecasting is based on digital data and personal experience.
All three managers ranked personal experience as their most important forecasting resource, above
any digital system. M-G stated clearly: "Iz my opinion, experience is the first one and second is the system”.
Both only those two things are the main important things. Because once you have experience, even
if it's busy or even if it's going to be slow, you know how to manage. This dependence on experti-
ence is indicative of a hybrid character in which system-generated outputs are interpreted and
modified based on tacit knowledge, acquired contextually over time.

4.1.3 Manger-Led Forecasting with Active Leader Support

All three restaurants reported formal demand forecasting responsibility to be entirely with the store
manager. TL-G stated:
"Most things are done by manager and 1 use the POS system."

TL-L extended more broadly:
"Not in the formal sense — that's really the manager's work. But I do contribute to it, even if it doesn't
always feel like a structured process.”

TL-C also explained:
"We are not directly responsible for preparing the forecast, but we try to support through our daily opera-
tional observation."

4.1.4 Daily Sales Review and Shift-Level Pattern Recognition

All three team leaders described a regular practice of reviewing daily and weekly sales figures to
supportt stock and staffing planning. TL-G confirmed: "I review daily and weekly sales to help plan stock
and staffing. We use past sales data and seasonal trends, promotions." TL-L described a specific pattern-
recognition technique:
""The most useful comparison I've found is looking at what the prep sheet assumed for a Friday versus what
we actually sold — there's often a pattern there that repeats week to week."

TL-C described using POS data in combination with experiential awareness of recurring patterns:
"We depend upon previous shift excperience and seasonal trend, like we have our special campaign “Sub of the Day”
at that time we bave more customers, and especially we have nore customers on weekends and during promotional
campaigns.”

Team leaders provide another layer of operational awareness of demand, below the managerial
level, through the collective ability to recognize patterns at that level and through daily POS review.
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4.2 Digital Tools and Systems

4.2.1 The POS System, Live IQ and Personalkollen as Core Data Infrastructure
Point-of-Sale (POS) System

The Point of Sale (POS) system is a digital tool that serves as the main source of the restaurant
operational data. It records all sales transactions and generates comprehensive information regard-
ing hourly sales data, product demand, and customer flow for all three restaurants. POS records
all store transactions automatically and it produces detailed reports and summaries based on his-
torical sales and transaction. This information from the POS is then transfer into other specific
applications such as Live 1Q, Personalkollen for upcoming demand forecasting analysis.

Figure 4: Daily and houtly sales report
Live IQ

Live 1Q is one of the digital applications used by Subway managers specifically planning future
sales estimation and services. Livel(Q automatically captures all sale numerical information from
POS system and uses historical trends and reports to predict forecasts for future sales. Managers
analyse generated outputs on a daily, weekly and monthly basis for customer demand prediction
and help to guide decisions on how much food to prepare and which ingredients to order.

19



Sales Ratio Lw Ratio LY
9 7485 kr 72 v o1 w

© Hourly Readings

Hour | Unlts' Sales #Trans

7:00 AM 2 208,93 kr 2 L >
8:00 AM 3 184,38 kr a L > 3
2:00 AM o 818,75 kr 10 L > )
10:00 AM 10 1 009,81 kr ° L > )
11:00 AM 14 1 176,78 kr 12 L >
12:00 PM 19 1 764,30 kr 19 L > ]
1:00 PM 34 2 748,15 kr 32 L >
2:00 PM 13 1 283,03 kr 16 L > ]
3:00 PM 7 550,72 kr 7 > ]

Figure 5: Real-time data of sales in Live IQ application

M-G explained:
"Usually in LivelQ, we can't enter any data manually because everything is automatic. For example, if 1
put a chicken teriyaki on the kassa and if I enter that, it will automatically detect.”
M-C described LivelQ as providing "/ive data antomatically from past to present" to help them know
how much they need to prepare for the next days.

Personalkollen

Personalkollen is a digital forecasting and management tool like the Live IQ used by Subway man-
agers, however using data from the POS system is manually fed into Personalkollen to analyse past
trends, sales patterns and make predictions about staff planning and customer demand.

Personalkollen

Figure 6: Weekly sales report in Personalkollen Application

4.2.2 Personalkollen for Staff Scheduling and Labour Cost Monitoring

Personalkollen is one of the applications for staff scheduling and labour cost monitoring tool
across all three locations. The manager enters the sales data for each day, and the system then
automatically tells them if the store is over or understaffed for that day's sales. M-G explained the
staffing logic in detail:
"We are using that Personalkollen, so there we can enter the sales. For example, if I sold for ten thousand
or twenty thousand today, if I enter the sales there and the schedule will be there, so that software shows me
that I am using more staffs or less staffs. So there I can see the things according to the staff; staff cost and
all.”

M-C expressed confidence:
"We are fully trust on that system, and it's giving a right number of staff scheduling for upcoming days."”
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Staff schedules are typically built two weeks in advance within Personalkollen and the application
generates staffing suggestions based on historical sales patterns. Team leaders and other employee
also have access to the application and able to check their future shifts.

4.2.3 SubVentory for Materials Mangement and Ordering

The SubVentory application is used to track and order inventory across all three restaurants. The
stock count is entered by the managers every week and the system recommends order quantities
based on consumption data. All three managers are ordering twice a week through SubVentory
application.

Figure 7: Stock available data in the SubVentory Application

The M-C stated:
"We order material twice a week, every Wednesdays and Thursday as per record from SubV entory data,
50 this app supports a lot for material ordering in the store."

The M-G described the systems automatically suggests: "if five boxes of bread are currently in stock, the
System recommends ordering six more to last until the next delivery. "

( Primary data source

Point-of-Sale (POS)
Auto-captures every transaction, hourly/weekly/monthly sales record
product demand and customer flow
/ ! il
! s auto
auto I manual S~ 2
v S~
LivelQ Personalkollen SubVentory
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Daily / weekly / monthly/yearly views 2-week roster planning & y
- Automatic recrder guidance
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J
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C ces of fragm
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Figure 8: Subway restaurant’s current digital tool demand forecasting flow

4.2.4 System Usability and Forecast Accuracy

All three managers found the POS and Personalkollen systems as user-friendly. The M-G de-
scribed the POS as "a good software" and "user-friend)y," while the M-C agreed it is "easy fo understand."
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The M-L described the system as adequate for basic functions. The Gamlastaden manager re-
ported approximately 60%, attributing the remainder to unpredictable factors such as weather and
customer behaviour. The manager of Linnegatan estimated that 60-65% of based on experience
and remains for weather conditions. The Centralstation manager said the highest estimate at 60—
70% accuracy, while noting that 100% accuracy is never possible. Team leaders confirmed that
they had a fairly good accuracy rating on normal days but the accuracy drops significantly during
unexpected disruptions.

4.2.5 Lack of Integration Between Systems

All three managers response the lack of system integration as the most important structural con-
straint. M-G stated: "Bozh are not integrated. 1ivelQ s totally different from Personalkollen." M-L explained
the impact on the business:
"It creates a gap when 1'm off, whoever is covering doesn't always have the same picture, and decisions can
drift. A genuinely joined-up system would reduce that dependency on one person's judgment.”

M-C suggested a solution:
"If Personalkollen and POS and Subl entory, if they can put all this data on Personalkollen, and maybe
Personalkollen enhance their features, then maybe it will be suitable, and we can get accurate data."

4.2.6 POS as an Operational Monitoring Tool

While managers use the POS for planning, team leaders reported that using it as a real-time shift-
management tool. TL-C stated:

"Every one-hour gap 1 try to check and forecast the report from the POS system."
TL-G confirmed:

"I check them daily and review weekly summaries.”

All three team leaders founded the POS as accessible and useful for their monitoring purposes and
the system was found to be useful specifically about peak hours and sales sandwich volumes. All
three team leaders agreed confidence in the forecasting system as it works out well on predictable
days, but not so well on unexpected days, on weekends and on promotional campaigns.

Opverall, the four primary digital tools used by all three Subway Locations are POS, Live 1Q, Per-
sonalkollen and SubVentory, which are used for sales tracking, demand forecasting, staff schedul-
ing and inventory ordering, respectively. These systems were found to be easy to use by the man-
agers and they also trusted them, but the biggest problem in all of the sites is that there was no
integration between platforms, managers had to manually enter the data in and there was a high
dependency on the managers making decisions based on their own judgment. The accuracy of
forecasts was evaluated at 60-70%, and it became lower in the case of unexpected events and
promotions.

4.3 Impact on Inventory Management

4.3.1 Food waste from Over-Preparation

The number one inventory issue that was discussed by all six respondents was food waste from
over-preparation. The main problem is the mismatch between forecasted demand and real de-
mand, typically due to overly optimistic weather, salary-week forecasts
M-G described the salary-week mechanism:
"For salary week, we think that it's going to be busy today and we prep more bread, more veggies, more
meats. Suddenly if the weather is very good then everyone used to go sit outside and eat and they want to go
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to restanrants, not like fast food. So, in salary week 1 have faced many times like it's gonna be busy but it
will be less."

M-C confirmed a similar trend:
"We suppose it's salary days, and sale will be good and then definitely we prepare exctra stuff. Sometimes
it's going for a food wasting when we're getting salary, sale is increased sometimes, but sometime it's not a

good sale. So then definitely it's going for food wasting."

Team leaders found that fresh vegetables (especially spinach), bread and cookies are the items
which are most commonly wasted, as these products spoil quickly and cannot be carried to the
following shift. All three team leaders clearly connected waste to forecasting errors rather than
operational carelessness.

4.3.2 Stockout Events and Operational Consequences

All three managers reported incidents of stockout events, but not as frequently as waste events.
M-L calculated the incidence and effect on customers:
"Genuine stockouts where a customer asks for something and we simply don't have it happen maybe once
or twice a month for core items. That might not sound like much, but when it happens you feel it. Some
customers will pick an alternative, but few of them just leave."”

The M-C stated the summer season as the most stockout-prone and reported that during acute
shortages, stock was borrowed from a neighbouring Subway outlet to ensure continuity of service.
All three team leaders indicated a clear and consistent customer-facing protocol for managing
stockout situations.

TL-G stated:

"We inform customers politely, suggest alternatives, and quickly restock if possible.”

Team leaders described their protocol for managing stockout situations as follows: immediate
kitchen notification, communication of wait times to customers, and providing substitutes for
customers affected by the stockout.

4.3.3 Ordering Rhythm and Manual Adjustment

All three restaurants place inventory orders twice weekly, assisted by the SubVentory application.
The system will make recommendations for the order quantities, based on historical consumption
data, but all three managers indicated that they frequently change these recommendations based
on experience and contextual knowledge.
M-G explained making decisions that override system recommendations:

"If I think that it is too much, then I can reduce that. If 1 think it's less, then I can add the products.”

The M-L described a systematic process whereby the system baseline was first established and then
a buffer of experience was added. Safety stock practices were also mentioned, especially for high-
risk perishables, indicating a proactive risk mitigation posture under conditions of forecast uncer-
tainty. Overall, the most frequent inventory problem was food waste due to over-preparing, which
was largely explaining to being over-optimistic when forecasting weather, salary weeks and not
always being met with actual sales. Fresh vegetables, bread and cookies were the most impacted.
The frequency of stockouts was less than one per month, and they were most likely to happen
during the summer months. Managers regularly "overrule" the system-based order advisory solu-
tion, which is a combination of digital and judgmental inventory management.
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4.4 Staff Scheduling and Operational Efficiency

4.4.1 Demand-Driven Staff Scheduling via Personalkollen

The demand forecast is directly linked to the scheduling of staff, and is implemented in an opera-
tional way in all three restaurants using Personalkollen. Schedules are created approximately two
weeks in advance, the system alerts for under or over-staffing based on sales volumes. The
over/under-staffing logic was described in detail by M-G: “If SEK 10,000 is the projected sales figure,
and the schedule shows that there is excess staffing, then the system will flag the situation as being out of budget, but
at SEK 20,000 it will confirm that there is no excess staffing.”

M-C expressed high level of trust in the system's staffing recommendations: "1#'s giving a right number
of staff scheduling for upcoming days." M-L described the planning process: "I build the rotation about two
weeks out and try to make sure we're properly covered for the hours that tend to get hectic." From the result from
three restaurants, they trust this application to improve their staff scheduling as it provides them
reports, and they are quite satisfied with it.

4.4.2 Team Leader Real-Time Demand Adjustment

Managers communicate team leaders with details about the expected volume of customers to be
served, any particular menu demand, and the relevant context factors at the start of each shift.
This briefing translates the manager's forecast into preparation targets to which the operational
team must align their preparation decisions, ensuring streamlining of planning of demands and
preparation decisions on the front line.

Team leaders have a real-time function of interpreting demands/directions to make real-time ad-

justments in operation during their shift.

The TL-L described continuous adjustment process in the store:
"In practice I'm mafking small adjustments constantly. If by twelve o'clock I can see that a particular
ingredient is going faster than expected, I'll get another batch going now rather than waiting until we're
nearly out and scrambling. If it's a slow afternoon and the bread we proofed earlier is getting abead of
demand, 1'l] slow down the next batch to avoid waste."

Team leaders of all three restaurants mentioned, checking POS data at regular intervals, from
houtly to shift to shift, to adjust preparation volumes as they go to meet customer demand. This
particular responsive observation provides an important adaptive feedback mechanism that com-
pensates for the limitations of upstream managerial forecasting.

4.4.3 Service Quality Under Demand Pressure

All three team leaders shared examples about demand flow, particularly not adequately anticipated
in the forecast create acute operational pressure.

TL-G stated: "If increases workload during peak hours like lunch times and reduces it during slow periods. It
affects service speeds during busy times."

TL-L added: "When there is high customer demand like twenty people coming in at once when you only expected
fave, everything tightens up."

Unexpected peak in demand were described as the main stress or on service quality, leading to
longer wait times, staff fatigue, and the potential for order errors to occur. When faced with a
sudden surge in customers, the TL-L said that, "service guality is the first thing to skp." TL-G acknowl-
edged that "Customer waiting time increases during rush hour. Therefore, the Centralstation Subway res-
taurant, mentioned an informal resource-sharing mechanism, where staff or stock was borrowed
from the near branch in extreme surges of the restaurant, but it was recognized as unsystematic.
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In addition, with this, all three locations targeted a service time of approximately one-and-a-half
to three minutes per customer, under normal conditions but during peak hour this could increase
to eight to ten minutes. All three team leaders assured they do not compromise on Subway's service
quality standards, professional customer communication, even in the face of surge pressure.

Team Leader Theme 3: Impact on Operational Efficiency

Unexpected demand surge

Poor forecast - sudden rush - understaffing
Peak hour Staff fatigue & Service quality Extended wait
workload surge order errors deterioration times
Faster coordination Wrong orders Normal: 1.5-3 min Customer dissatisfaction
multitasking required skipped steps Rush: 8-10 min potential lost sales

~ \ /

Team leader coping strategies
Adjust prep in real-time - offer alternatives - borrow stock from adjacent Subway - maintain Subway standards

Company standard: always maintained
"We don't compromise our service quality”

Figure 9: Team Leader Operational Efficiency and Consequences of Demand Surges

Overall, the team leaders have a major role in the real-time planning, as they constantly check the
POS data throughout the shift and adjust the number of items, they prepare based on what they
see happening in real time. If the demand is high and not expected, service time increases consid-
erably, stress of employees increases, and service quality decreases. Pressure did not cause the
decline of professionalism in any of the locations; Centralstation particularly adapted to the de-
mands of its stadium and transit needs by using an informal cross-store staffing and stock system.

4.5 Future Improvements and Technology

4.5.1 System Integration as the Primary Priority

All three managers independently focused on system integration as the number one most im-
portant improvement needed. The M-G found the lack of integration between LivelQ and Per-
sonalkollen to be the biggest structural constraint in the existing system. M-L articulated the most
comprehensive vision:
"The biggest one is proper integration, one platform that connects the forecast to my order quantities and
my scheduling, rather than me being the mannal link between three separate tools."

The M-C recommended that consolidating POS, Personalkollen and SubVentory into a one plat-
form would ssignificantly improve forecast accuracy and operational planning.

4.5.2 Artificial Intelligence (AI) and Advanced Analysis as Future Forecasting
Tools

All three managers expressed clear interest in Al supported forecasting system. M-G pointed that

the franchise system is already moving in this direction: "Now they're even more trying to use Al or

something to make it even more easy according to the sales automatically to order.” M-G also outlined a vision

for Al-triggered menu alerts: "If there is any software or any POS' that shows that okay next week, we are
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gonna have this menu, if something comes, then it will be easy for us." M-L presented the most specific vision
for Al integration
"A system that could pull in real-time data like weather forecasts or nearby event listings would genninely
help close that gap. If the system could pull in forward-looking data, weather, a local events feed, school
term calendars, it conld start adjusting predictions before the fact rather than after.”

From an operational point of view, team leaders shared these aspirations as operational perspective
that they hoped could be achieved through more accurate forecasting, such as stock out preven-
tion, waste reduction, reduced staff stress and improved service quality. All three team leaders
shared the operational benefits they would expect from integrated forecasting system with more
accurate data. TL-G summarised: "Better forecasting system reduces waste, improving staffing and ensures
better customer service." TL-L desctibed the quality-of-work benefit:

"The gperations would run more smoothly, waste would come down, and honestly the team would feel less

stressed. Better information at the right moment makes everything easier.”

TL-C presented the advantages in terms of operations:
" A more accurate forecasting system wonld help reduce food waste and also food cost. Improve, establish
less stress, reduce the food waste and also food cost and preventing stock shortage. Try to improve the service
quality by ensuring good preparation during our rush hour."

4.5.3 Marketing and Location-Specific Demand Development

The Gamlastaden manager raised another improvement dimension that the local marketing as a
demand development lever in a developing residential area. Gamlastaden faces a different situation
than Linnegatan and Centralstation, as it is a marketing challenge of developing customers in an
environment where investments could meaningfully grow the baseline demand. These points high-
light the location-specific nature of demand forecasting difficulty within the same franchise system.
Hence, the top priority of all three managers was system integration with the goal of connecting
together the different platforms such as SubVentory, Personalkollen and Live 1Q, so the business
could flow information automatically, be less dependent on managers. In addition to system inte-
gration, all managers also expressed a strong interest in Al-assisted forecasting tools that could use
forward-looking data, including local events, weather forecasts, and seasonal trends, to support
more proactive planning. At the same time, team leaders also insist on these priorities and believe
these improvements would enhance operational efficiency, such as reducing waste, overstock,
stock shortages and decreasing stress levels for staff.

4.6 Empirical Results

The empirical results show that the demand forecasting in all three Subway restaurants in Gothen-
burg is a hybrid practice, where digital tools and managerial experience are used in parallel. Forecast
accuracy was consistently at 60-70%, which was good enough for days with predictable demand,
but not good enough for days when demand fluctuated unexpectedly due to seasonal shifts, local
events or changing customer behaviour around salary periods.

This gap was largely covered by managerial experience. It’s great at surfacing the local knowledge
specific to the store, allows for flexible real-time responses to sudden changes in demand, and
supports holistic decisions that take multiple operational factors at once into account. But there
are some serious risks in relying on this. Individual managers hold tacit knowledge that is never
written down, and operations are vulnerable when those managers are not there and that
knowledge can’t be passed to new staff or scaled across locations. Repeated assumptions based on
experience (predicting higher sales during salary weeks) can also become biases that entrench er-
rors and not correct them.
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The most important structural weakness found, besides experience was the absence of integration
between the four digital platforms used across all sites. Manual data transfers between POS, Live
1Q, Personalkollen and SubVentory were time-consuming and increased reliance on individual
knowledge. Filling these gaps with better system integration, Al-driven forecasting and codified
operational knowledge, will reduce food waste, prevent stockouts, ease staff burden and build a
more robust and scalable forecasting process. The role of team leaders, across all three locations,
is critical, but currently very informal and not formally documented or structured to support real-
time demand adjustment.
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5 Discussion

This chapter interprets the empirical results through Organisational Information Processing The-
ory (OIPT), as developed by Galbraith [22] and extended by Tushman and Nadler [23]. The central
argument is that demand forecasting in quick-service restaurant (QSR) environments is fundamen-
tally information-intensive, and that the operational outcomes observed, food waste, stockouts,
and service quality fluctuations, can be understood as consequences of the alignment or misalign-
ment between information processing requirements (IPRs) and information processing capabilities

(IPCs).

5.1 Demand Forecasting Practices: Managing Uncertainty through In-
formation Acquisition

OIPT holds that organisations in uncertain environments must develop adequate information pro-
cessing structures to reduce uncertainty to manageable levels [22]. All three Subway restaurants
experience substantial task uncertainty from volatile, context-dependent customer demand, gen-
erating high IPRs. Managers consistently reported that accurate prediction is possible only around
60—70% of the time, with the remainder attributable to factors that historical data cannot reliably
capture. Consistent with OIPT, managers drew on multiple heterogeneous data sources: historical
POS sales data as the primary baseline, supplemented by weather conditions, local events, seasonal
patterns, salary-week cycles, and promotions. This multi-source approach reflects Tushman and
Nadler’s [23] argument that the breadth of information intake must match the complexity of the
operating environment.

A striking cross-site result is the prominent role of managerial experience as an independent fore-
casting input. Managers described their accumulated knowledge as the primary lens through which
system-generated forecasts are interpreted and revised. This aligns with Galbraith’s [22] observa-
tion that when formal mechanisms cannot fully reduce uncertainty, organisations rely on tacit,
judgment-based processing as a complementary IPC. However, this introduces a dependency risk:
when experienced managers are absent, the store's information processing capacity is meaningfully
reduced, a vulnerability explicitly noted at the Linnegatan store. The current hybrid approach func-
tions as a partial IPC, but remains inadequate for non-routine demand episodes, precisely the sit-
uations where IPR—IPC mismatches generate the most significant consequences [1].

5.2 Digital Tools: Functionality, Fragmentation and the Integration
Gap

The digital tools deployed in three subway restaurants such as LivelQ, Personalkollen, and Sub-
Ventory, represent the organisation's primary formal IPCs. The result shows both enabling and
constraining dimensions of this infrastructure. On the enabling side, LivelQQ provides real-time,
transaction-level sales data that supports replenishment accuracy [19]. Personalkollen's cross-ref-
erencing of projected sales against staffing schedules makes labor implications of demand predic-
tions immediately visible. SubVentory's automated order recommendations translate historical
consumption rates into structured purchasing guidance. Collectively, these tools form what Gal-
braith [22] describes as a lateral information system that increases coordination capacity.

However, the most consequential result is the absence of integration across these three systems.

All three managers independently identified fragmentation as the critical structural limitation. Man-
agers effectively function as manual data bridges, transferring POS outputs into Personalkollen
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and SubVentory recommendations into ordering decisions, consuming managerial attention and
introducing error. From an OIPT standpoint, this integration gap imposes a structural bottleneck
on the organisation's IPC, meaning that significant processing value from each tool remains unre-
alized. This result resonates with Sikdet’s [21] analysis of franchise food chains, where POS, in-
ventory, and ordering platform integration is identified as a prerequisite for data-driven decision-
making. None of the existing systems automatically incorporates forward-looking data such as
weather forecasts, local events, or school calendars, meaning current IPCs address historical un-
certainty reasonably well but are poorly equipped to reduce prospective uncertainty.

5.3 Inventory Management: The Operational Cost of IPR-IPC Misalign-
ment

OIPT predicts that when IPCs are insufficient to resolve the uncertainty faced, decision quality
degrades and operational performance suffers [19]. The inventory outcomes reported across all
three Subway restaurants confirms this prediction. Food waste from over-preparation was the
most frequently reported consequence. Managers and team leaders described episodes where an-
ticipated demand, particularly during salary weeks, failed to materialize, leaving prepared perishable
items that could not be carried over. This is consistent that perishable waste in food service is
disproportionately driven by systematic over-estimation during atypical periods [5]. Stockouts,
while less frequent, were documented at all three subway restaurants, most acutely at the Central-
station during summer peaks. The practice of borrowing stock from a neighbouring Subway outlet
represents an informal inter-organisational coordination mechanism functioning as an adaptive
IPC supplement, but it is not systematically integrated into formal forecasting or ordering pro-
cesses. Managers also described routinely overriding SubVentory's automated order recommenda-
tions based on contextual knowledge that the system cannot encode, upcoming local events, and
anticipated weather-driven changes in footfall. These adjustments represent attempts to supple-
ment formal IPC with tacit, experience-based processing. While adaptive, such responses are both
necessary and fragile [3].

5.4 Staff Scheduling and Operational Efficiency: Forecasting as a La-
bour Allocation Mechanism

OIPT’s relevance extends to any domain where uncertainty must be translated into resource allo-
cation decisions [23]. Staff scheduling is the second major domain where forecasting quality has
direct operational consequences. During periods of accurate forecasting, managers reported effec-
tive demand-aligned staffing that controlled labor costs and maintained service quality. Person-
alkollen’s real-time display of the sales-to-staffing cost ratio functions as a continuous feedback
mechanism, supporting intra-day correction, consistent with Thompson’s [8] argument that feed-
back-adjusted scheduling is essential to hospitality efficiency. When forecasting errors occurred
during unexpected demand surges, the consequences were clearly articulated like increased work-
load, staff fatigue, and service quality degradation. All three team leaders described waiting times
extending from the typical one to three minutes to eight to ten minutes during extreme cases. The
inter-store staff borrowing at Centralstation is what Tushman and Nadler [23] call lateral coordi-
nation mechanisms that are triggered by the absence of formal structures. Having this contextual
forecasting information stored in a distributed manner within the individual managers also leads
to a single point of failure for the demand-driven scheduling. The informal inputs could be for-
malized, which would lessen this organisational fragility.
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5.5 Future Improvements: Expanding Information Processing Capac-
ity

The improvement priorities articulated by participants map directly onto the IPC deficits identified
through the OIPT lens, aligning closely with IPC-identified vulnerabilities using an OIPT lens. All
three managers agreed on two recommendations: First, integration of the whole system on the
existing platforms; Second, use of forward-looking external data, weather forecast, local events,
and calendar signals in the forecasting process. These priorities correspond precisely to the two
principal sources of IPR—IPC misalignment identified in the study. From an OIPT perspective, a
unified platform connecting POS, inventory, and scheduling would eliminate manual data media-
tion and constitute the kind of lateral information system Galbraith [22] identifies as the most
effective response to high task uncertainty. The demand for external data integration would ad-
dress the prospective uncertainty gap, consistent with Lasek et al. [16], who show that weather and
calendar variables meaningfully improve restaurant forecast accuracy above historical baselines.
Participants also mentioned Al as a future forecasting tool, mirroring the framework of forecasting
expansion developed by Scarton et al. [1] as part of the Organisational IPC. But the findings indi-
cate that the short-term benefits of Al are not dependent on Al use. An obvious sequential logic
is observed: Integration comes before enrichment and enrichment before automation. The most
pressing and attainable enhancement is to remove the fragmentation from the system so that all
the data assets can be fully utilised.
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6 Conclusion

This chapter summarizes the main conclusions drawn from the research. It deliberates on the
insights achieved throughout the study process, while revisiting the issues for both research and
practice. The chapter structure the outline of the main conclusions or finding of the study, theo-
retical & practical implications, direction for future research, and reflections on the study process
of authors.

6.1 Main Conclusions

This study aimed to examine the relationship between the accuracy of demand forecasting on
inventory management and operational efficiency at the three Subway franchise restaurants in the
city of Gothenburg, Sweden. The study findings are summarized as discussed below, based on the
three store managers and the three team leaders who participated in semi-structured interviews
and were analysed using the lens of Organisational Information Processing Theory (OIPT).

First, demand forecasting in these restaurants is not completely systematic nor a perspective one,
it is a hybrid practice. Historical POS data is always used as the benchmark, but the elements of
experience, observation and judgment are also used to a significant degree. The hybrid strategy is
a sensible reaction to the very high level of task uncertainty found in QSRs, where customer de-
mand is influenced by weather, local events, the season, and salary week effects, among other
factors, that cannot be predicted from history.

Second, digital tools such as POS, LivelQ, Personalkollen and Sub Inventory application offer
valuable assistance for demand forecasting, staff scheduling and material ordering decisions. But
the biggest need that was pointed out in the study is the lack of integration between these plat-
forms. The lack of automation means that managers are left with the responsibility of being a data
mediator between systems, wasting time, increasing dependency on individual knowledge, and
therefore not maximizing the ability to leverage the organisation's data.

Third, forecasting inaccuracy is real and measurable with clear operational consequences. The most
frequent common problem was waste of food resulting from over-preparing, due to seasonal
changes, inaccurate assumptions in salary periods, and other irregular demand patterns. Although
less common, stockouts also occutred sometimes led to lost sales and customer dissatisfaction. At
the operational level, unexpected demand hours can lead restaurants to be busier, have more
stressed employees, longer customer waiting times and have poorer service quality. It impacts
productivity and makes it challenging for employees to perform their duties efficiently and accu-
rately during busy periods. The outcomes are directly linked to the mismatch between forecasting
system capability and requirements demands in the operational environment of these restaurants.

Fourth, team leaders are an underleveraged but critical component of the demand uncertainty
management at the shift level puzzle. Their capacity to make continual adjustments to forecasts,
monitor information from POS in real time, and convey proactively with customers is an additional
layer of information processing that helps to mitigate the shortcomings of formal forecasting sys-
tems. These findings support OIPT by demonstrating that front-line human-based processing ca-
pabilities are not a substitute for digital systems but are a structural necessity that works as corre-
lated capabilities.

Opverall, these results align closely with the main hypothesis of OIPT: operational performance is
a function of the pairing of the characteristics of information processing requirements occurring
in its environment and capabilities. The stronger the alignhment, the more favourable the inventory

31



outcomes and quality of service. When it breaks down, waste, stockouts, and service disruption
ensue, especially during periods of irregular demand. The research thus addresses the core research
question, demonstrating that the demand prediction are currently practiced affects both opera-
tional planning and inventory management in a consequential and improvable manner.

6.2 Theoretical Implication

The current study adds modestly to the demand forecasting and operations management literature
by testing OIPT in a context in which it has been rarely applied in an empirical sense, the store-
level operations of a quick-service restaurant (QSR) franchise. Although the application of OIPT
has been widely used at the organisational and supply chain level [19], [23] there is less evidence
available for its application to the day-to-day decision making of restaurant managers and team
leaders.

The study serves to theory in two particular ways. First, it brings the idea of information-processing
capacity beyond formal technological information systems to tacit, human-based information pro-
cessing, as well as the managerial decision making, and the real-time operational adjustments of
team leaders. While OIPT tends to focus on structural and technological elements to manage un-
certainty, the results show that informal, human-level IPCs are not an "add-on" but are integral
parts of the information processing system in its entirety, especially in the absence of or when
limited formal information systems exist.

Second, the study contributes to the existing literature on digital transformation contexts by con-
ducting a study that uses OIPT [21], [1]. The results support earlier theoretical considerations of
the need for integration, even when it is possible to have such tools in place. Having good indi-
vidual tools is not enough, they need to be able to exchange information in order to fulfil their
processing capacities. This lesson has implications to the use of OIPT in technology-enabled en-
vironments in general.

6.3 Practical Implications

The results have meaningful and practical implications for the Subway franchise operators, store
managers, and system designers. The first immediate practical suggestion is to prioritize the current
digital platforms' integration. The ability to connect POS, LivelQ, Personalkollen, and SubVentory
into a single data source would relieve the manual data transferring burden on managers, reduce
the risk of inconsistency when managers are absent, minimize the loss of data in transit, and facil-
itate quicker and better-informed operational decisions. This is not a call for entirely new technol-
ogy but for making smarter connections between existing technologies. Sikder [21] and Chae et al.
[11] found that data integration is a structural prerequisite for developing advanced forecasting
capabilities within the franchise food service environment.

The second implication is to incorporate forward-looking contextual data to the forecasting input.
To integrate the weather predictions, local event calendar, promotional campaigns, salary periods,
and school-term calendar data into the forecasting system would address the prospective uncer-
tainty gap, which cannot be fixed by historical data alone. This improvement is the most consist-
ently requested by participants across all three stores and most supported by the existing research
literature [106], [11]. Furthermore, the study found that the accuracy of forecasts varied across lo-
cations, ranging from around 60% at Gamlastaden to 60-70% at Central Station. This indicates
that some store-specific forecasting adjustment is needed, not a common set of parameters for the
franchise as a whole, and that each store requires a documented list of local demand drivers specific
to, for example, schools, offices, transport hubs, residential areas, and stadiums that can be applied
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by any manager, which is accompanied by local guidelines for adjustments. This would reduce the
reliance on individual manager memory and turn forecasting knowledge into a shared organisa-
tional asset.

Third, team leaders’ contribution to managing their role in the management of demand is formally
recognized and structured as institutional support. Currently, team leaders are carrying out infor-
mal and undocumented "real-time" changes during their shifts. Team leaders providing direct ac-
cess to the forecasting output, structured shift briefing templates at the beginning of each shift,
records of system-logged preparation changes, systematic handover procedures, and easy and re-
liable feedback of their ground-level observations to the demand planning procedure would go a
long way towards conserving this knowledge and also minimize the risk of operational knowledge
being missing during transition. Standardizing this implication would institutionalize and support
an operational value capability that was currently invisible.

In conclusion, the results make clear that configuring an IPC in a subway cannot be followed in
the same way across all store locations. Structurally, the Centralstation restaurant, situated near a
stadium, which is a high footfall transit environment, has higher and less predictable IPRs than the
Linnegatan store, which is close to a school and office location, or the Gamlestaden store, which
is located in a steadily growing residential area. Above these fundamental differences, a location-
specific approach to demand forecasting assistance and integrated digital infrastructure would de-
liver more expected results than a "one size fits all" approach across the entire franchise network.

6.4 Future Work and Research

This study suggests a few directions for further research. The next step in the expansion of this
research would be to investigate if the results could be applied to a broader sample of Subway
restaurants or other quick-service restaurant chains in Sweden and internationally. The current
qualitative study, a three-store design lends itself to an exploratory purpose but has transferability
to larger contexts remains limited. More extensive mixed methods research that connects qualita-
tive insights from interviews along with quantitative data on demand forecast accuracy, service
times and food waste across multiple locations would enhance the testing of the relationships
found more strongly on a larger scale.

Furthermore, future research could be tailored to the design, development, and experimentation of
integrated forecasting applications within a franchise food chain system. In this study, systems
fragmentation was the most commonly reported limitation in all three stores and suggested for
unified digital infrastructure for forecasting accuracy. Therefore, comparative studies tracking op-
erational performance of restaurants before and after investing in integrated systems would be of
great value for both researchers and franchise operators.

Lastly, the integration of the pilot project of Al-assisted forecasting in franchise QSR environ-
ments is a promising opportunity that has not been explored. The managers in this study stated
their interest in Al tools, but they have not been implemented yet. The study would make a sub-
stantial contribution to the growing body of research on Al-assisted forecasting in the food service
industry Scarton et al. [1] and Chae et al. [11], basically by strengthening the organisational adop-
tion process, barriers confronted during implementation, and the actual improvements in forecast-
ing accuracy, ensuring that Al-assisted forecasting leads to long-term success and sustainable
growth.
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6.5 Reflections on the performed study

Reflecting on the research process was both challenge and an enjoyable experience, especially since
this study was conducted as a qualitative case investigation. Persistence and sensitivity were neces-
sary to gain access to franchise managers and team leaders, who are extremely busy and operating
in demanding workplaces. Their openness and willingness to participate and be transparent about
both the positive and negative parts ware valued. Involving managers and team leaders proved to
be a good design choice because there were two aspects of the forecasting process that neither
could have clarified on its own.

The fact that this study is based on self-reported data is an honest limitation. Managers' assess-
ments about forecasting errors, waiting time for services and, the frequency of food waste are not
data measurements, but rather than informed guesses. Triangulating these stories with actual sys-
tem data would have strengthened the empirical support if access had been granted. It is a con-
straint in qualitative case studies, but it has no bearing on the results of the case study. In terms of
generalizability, the results are easier to apply to independently owned restaurants, QSRs, and fran-
chise restaurants in mid-sized European cities with comparable market conditions. Perishable in-
ventory, fragmented digital tools, a strong reliance on managerial experience, and diversified de-
mand drivers are structural features that are probably common in other similar environments than
Subway and outside of Sweden. Any organisation with similar information uncertainty and pro-
cessing capacity conflicts can apply the OIPT framework, which was sufficiently presented for the
results' interpretation.

The dual-perspective interview design that incorporates both the managerial and the operational
voice, the foundation in OIPT that connects specific operational practices to a well-known
Organisational theory, and the focus on Organisational and human aspects of forecasting rather
than algorithmic aspects, make it comparatively unique. Model accuracy is the primary emphasis
of this field's research. The research is about the individuals who regulatly use and interact with
those models on a regular basis. Operational improvement begins with the human factor, experi-
ence, informal communication, workarounds environment, and irritation with "waste" that we can
do better.
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A. Appendix: Invitation and Consent Letter

Invitation letter: Informed consent and participation in an interview study on the Impact
of Demand Forecasting on Inventory Management and operational efficiency on Subway
Restaurant Food Chain

You are invited to take part in a research study. But before you accept, we would like to inform
you about the purpose and the research process and ask for your consent to take part in the study.
Please read through this informed consent and feel free to let us know if you need some clarifica-
tions.

Purpose of the research

The overall purpose of this research is to explore the impact of demand forecasting accuracy on
inventory management its effect and relationships on operational efficiency at Subway restaurants.

Participating respondents are Branch Manager and Team Leader from 3 different branches of
Subway Restaurant Food Chain within Gothenburg.

Purpose of the Interview Study

The interview study aims to explore current demand forecasting practices used at the Subway
supply chain. The study will further examine how forecasting inaccuracy affects inventory waste,
overstocking, and stockouts, as highlighted in prior restaurant forecasting studies. To investigate
the role of demand forecasts in supporting operational decisions such as food waste reduction and
labor scheduling.

This study also expected to provide a base to design a practical framework and propose recom-
mendations for integrating data-driven forecasting techniques to improve operational planning
and performance in franchise-based restaurant systems.

Informed Consent and Voluntary Participation

During the interview, we will ask you for your personal information and professional background.
Then, you will answer a list of open-ended questions about your experience by sharing your in-
sights related to the customer demand forecasting practices in your restaurant. It will be conducted
as informal communication between you and the interviewee (one or two interviewers).

The interview duration will be about 30-45 minutes per respondent. It will be audio/visual rec-
orded. The recording will be anonymized, not spread, and securely stored. The interview will be
performed with informed consent, meaning that we will only target your professional role, it will
be anonymized, and your personal affiliation and sensitive information during the interview will
not be shared with other participants or organisations outside the interview situation.
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B. Appendix- Interview Guide

Short Interview Guide (Approx. 30-45 minutes)

Basic Information (of the respondent): Questions for Branch Manager
The organisation and address :

Title in the organisation:

Years of experience :

Introduction
= Can you briefly describe your role and responsibilities in this Subway store?

= How are you involved in forecasting, inventory control, or staff scheduling?
1.Current Demand Forecasting Practices
a) How do you forecast customer demand in your store and what information do you
mostly rely on? (e.g., historical sales, POS data, experience, promotions, seasonality,
weather)
b) What digital tools or systems do you use for customer demand forecasting, how much
they are user friendly and reliable?
c) If possible, could you demonstrate step by step procedure how you generate a forecast in
the systems?
o What data inputs are required to enter in the system?
o What kind of outputs does the system produce?
o How do you interpret those outputs for forecasting?

d) How often do you use the system (daily/ weekly/ monthly)?
e) Do you believe the predicted information are accurate for customer demand?

2.Impact on Inventory Management
a) Can you describe any situation where inaccurate demand forecasts led to food waste or
expired inventory?
b) How often do you face stockout problems and what is the impact on sales due to
forecasting errors?
¢) How do you use forecasting results when making ordering and replacement decisions?

3.Digital Forecasting Systems and Future Developments
a) How does the forecasting system combine well with inventory and staff planning?
b) How do you think more data-driven forecasting methods (for example real-time POS
data, other digital analytics tools) could improve inventory accuracy?
¢) What system-oriented improvement would help to increase customer demand
forecasting accuracy in your store?
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Basic Information: Questions for Team Leader
Organisation and address:
Title in the organisation:
Years of experience:
Introduction
= Can you describe your daily responsibilities in this store?

= How are you involved in inventory handling or staff coordination?

1.Current Demand Forecasting Practices and Experience

a) Are you involved in preparing or reviewing demand forecasts?

b) Do you use the forecasting or POS system directly? If yes, how easy or difficult to
use?

C) How do you get information about expected customer demand and how accurate
are those forecasting information?

d) Do you follow generated system forecasts, or are changes made during daily
operations?

e) Do you check forecast-related reports? If yes, how often?

2.Impact on Inventory Management
a) Have you ever experienced food waste due to over-preparation?
b) What kind of food waste are you experiencing most in daily operation?
¢) How often do stockouts happen during your shift and how do you handle that
situation?

3.Impact on Operational Efficiency
a) How does fluctuating customer demand affect:
o Employee workload?
o Service quality?
o Customer waiting time?

4.Digital Forecasting System and Improvements

a) From your opinion, what factors are important to improve demand forecasting?
b) Do you think better forecasting system would make daily operations efficient?
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C. Appendix: Thematic Coding Structure from Interview Data

Subway Food Chain-Manager

Code

S.N

Gamlastaden (M-G)

Linnegatan (M-L)

Centralstation (M-C)

THEME 1: DEMAND FORECASTING
PRACTICES

Historical Sales Data as Pri-
mary Forecasting source

The customer demand usually, how we predict
this depends on the historical data. So, how you
see the last year or the before year or the last
week sometimes. So, according to that we will
know the customer demands. We mostly rely on
the historical data.

"I always pull last week's sales data and com-
pare it to the same week in the previous year.
That gives me a solid baseline"

"personalkollen...tell us about forecast-
ing, like a last year and what sales, and
then we predict how much sales like this
year"

1
Weather as Demand Influ- | And it depends on the weather as well. If the | "If something unexpected happens a | "mostly like when weather is not
encer weather is good, as it is today, it is raining. So, | sudden change in weather...the forecast can | good...we suppose, like now it's salary
not much busy. be off by quite a bit" days, and sale will be a good and then
definitely we prepare extra stuff”
2
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Seasonal influence

Here, it depends on the office people. Here, eve-
rything is office. So, if it is a vacation time, then
it will be calm. Or it is a working day, then it will
be busy. So, depends on that, we will come to
know the customer demand or busy timings.

mostly in summer, like when we have a
sale and too much sale, and we never
know, like, maybe sale is more good or
less And then mostly in summer, we are
out of stock. Yeah. So then definitely, it's
impact on sales as well.

Local Events

"if there is any local programs or any functions
or any parties going on something so we will
come to know this one"

"I also think about what's happening locally:
is there a market on, a school sports day, a
big event at the venue down the road?
Those things move our numbers noticeably.

w

Promotions / New Menu
Launches

And as here mentioned like seasonality and pro-
motions, sometimes when the new menu comes,
as in new menu comes, people want to try some
new things so that will be busy

Promotions matter too — whenever Sub-
way runs a limited-time offer, I know certain
items will spike and I need to order accord-
ingly. It's a mix of data and local knowledge,

6

Manager Experience as Key
Forecasting source

"I know, okay, today is going to be busy...We
don't need any software for that to predict the
sales. Experiences"

"over time you develop a feel for which fac-
tor matters most in a given week"

"this is depend on, mostly on expetience,
okay, like, we know when the sale will be
a good. Like, I give an example for a sal-
ary week, and then we, like, assume that
sale will be a good. So then we have, we
order more. And yeah, if it's like, middle
of the month, then we know. So it's
mostly, it's depend on the experience.
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7

Salary Week Effect Sales

"for salary week, we think that it's going to be
busy today and we prep more bread, more veg-
gies, more meats"

"like I give an example for a salary week,
and then we, like, assume that sale will
be a good. So then we have, we order
more"

THEME 2: DIGITAL TOOLS & SYS-

TEMS

Use of POS System (LivelQ
/Personalkollen)

"we are using that personal column okay so there
we can enter the sales for example if i sold for
ten thousand or twenty thousand today if i enter
the sales there and if i will already the schedule
will be there so that software shows me that are
i'm using more staffs or less staffs okay So there
I can see the things according to the staff, staff
cost and all. And coming to the wastage or the
food cost or the inventory which I want to order,
so everything I can see in the POS. It will show
me, it will suggest me how to order, how much I
can order and how much is left in the store Usu-
ally in LivelQ, we can't enter any data manually
because everything is automatic. For example, if
I put a chicken teriyaki on the kasa and if I enter
that, it will automatically detect.

We work with the Subway corporate POS
system and the back-office reporting mod-
ule that sits behind it. Basically we used
LIVE 1Q, it gives live data automatically
from past to present so it helps to guide that
how much preparation do we going to need
for further days based upon historical data.

Actually, we get all the data, all the infor-
mation about the sales from POS. Then
we input that data in personal column,
and then we get output from the per-
sonal column. It's like, a analysis. You
also not give us like analysis. It's just give
us our numbers. Then that number we
put in the personal column, and then
personal column give us like analysis,
and like forecasting also, and the analysis
for the labor cost, so all these things.
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System User-Friendliness

It's a good software. In that one, we can see all
the data, like which sandwiches we are selling the
most and which is the least. And that will specify
how much drinks we sold and how much add-
ons we sold. So it's a good one and it's user-
friendly.

"For basic stuff — checking yesterday's
sales, seeing which products moved — it's
fine. The interface is clean enough. Where it
gets clunky is when you want to do some-
thing a bit more specific, like compare a cus-
tom date range or look at sales by time of
day across multiple weeks.

it's really user friendly, and it's easy to
understand, like we we can rely on that
data because it's exactly, I think it's accu-
rate.

10

Use of Personalkollen for
Staff Scheduling

"Everything will be generated automatically. But
in personalkollen, we can enter the sales. Just the
sales. And staff scheduling.

"Personalkollen and subinventory app sup-
port ordering process and staff scheduling”

we are using a personalkollen. It's an ap-
plication and actually, and also website.
So this is we are using for the staff sched-
uling also, and also over people who
work here, they are also, they can see.

11

Sub-Inventory App for Ma-
terial Tracking and Ordering

"every week we have to send a report to the soft-
ware that how much we sold and how much to
the products we have and to the inventory"

Sub-inventory app support ordering pro-
n
cess

Actually the inventory a control is, we
have a system like, it's called sub inven-
tory, so we can get the information from
there, and we have to put the data like, if
I go for sub inventory, when I go for at
the end of the month

12

Lack of Integration Between
Systems

"both are not integrated. So LivelQ is not used
in the US?..LivelQ is totally different from the
US budget and the personalkollen”

"But it creates a gap when I'm off — who-
ever is covering doesn't always have the
same picture, and decisions can drift. A gen-
uinely joined-up system would reduce that
dependency on one person's judgment.

I'm not sure, maybe if personnel column
and POS and the sub inventory, if they
can put all this data, like all this data on
personal column, and maybe personnel
enhance their features, then maybe it will
be suitable, and they we can get an accu-
rate data.
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"Yes. I have to check. For tomorrow, you want
to estimate something for tomorrow, then you
will do today or you will do tomorrow eatly
morning? Daily. Daily? It's a minute...I have to
plan a week before. Every week"

"Every morning, without fail. I'd say it takes
me about fifteen minutes to go through the
key numbers at the start of a day. Mondays
I do a more thorough weekly review, which
takes closer to an hour.

"We use it to daily basis like we are. Def-
initely we need to put input data on daily
basis to getting a numbers

In a percentage. Percentage, I can say like I can
predict on 60% chance. It's good that I get. 60%
with the system and the 40% with the other
things. Other things like 60% I can predict the
historical data and other things like depends on
the weather and the customers or something.
Okay, then we will move to the second one.

Let's say like 60-65%, other things is the per-
sonal experience and then the weather. The
weather depends like a lot.

I don't think so, as I have working here
in five here, and I don't think so there is
we can get an accuracy is 100% but the
system that we are using right now, it's
give us almost a accuracy that maybe 60
to 70% is right, but still it's not 100%

Daily use of System

13
Forecast Accuracy Estima-
tion

14
Unpredictable Factors Accu-
racy

15

"Sometimes it will be accurate. Sometimes it will
be too much. Sometimes it will be like nothing"

"The problem is the weeks that aren't not-
mal. If something unexpected happens...the
forecast can be off by quite a bit"

I don't think so. Actually, it's different all
the time. It's never the same all the time.

THEME 3:IMPACT ON INVENTORY
MANAGEMENT
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Food Waste Due to Over-
Preparation

"Many times we have faced that problem. Be-
cause sometimes we feel that it's going to be
busy. For example, for salary week, we think that
it's going to be busy today and we prep more
bread, more veggies, more meats. suddenly if the
weather is very good then everyone used to go sit
out and eat and for example if it's a summer they
want to sit outside and relax and they want to
have some drinks and food yeah and they want
to go to restaurants not like fast food so fast food
is like just come in two two minutes just grab and
then leave so in salary week i have faced many
times like okay it's gonna be busy but it will be
less

"There was a petiod last December that
sticks in my mind. A lot of the office build-
ings nearby closed early for Christmas —
catlier than the previous year — and I hadn't
accounted for that when placing orders. The
forecast was based on historical December
data, which assumed normal footfall right
up to the twenty-third. But actual demand
dropped away sharply about a week before
that. It was frustrating because it was pre-
ventable.

"we suppose, like now it's salary days,
and sale will be a good and then defi-
nitely we prepare extra stuff...sometimes
it's going for a food wasting and When
it's a, we're getting a salary, and sale is in-
creased. And sometime it's not a good
sale sometime. So then definitely it's go-
ing for a food wasting,

17

Stock-Out Problems

"Rare cases sometimes will be like some kind of
cookies or...If there is more demand, somebody
will be delaying of delivering the products.

"Genuine stockouts where a customer asks
for something and we simply don't have it
— happen maybe once or twice a month for
core items. That might not sound like much,
but when it happens you feel it. Some cus-
tomers will pick an alternative, but few of
them just leave.

"mostly in summer, we are out of stock.
Yeah. So then definitely, it's impact on
sales as well but at the same time we bot-
row some stocks from closet Subway
store to replenish the stock items as well.

18

Weekly Inventory Reporting
Cycle

"every week Wednesday I have to send a inven-
tory report to live iq so when I counted all the
inventory things it will automatically calculate
everything"
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19

Automated Order Recom-
mendations

so example like okay this week today i'm entering
for seven days so i'm entering five box of bed i
have so tomorrow i have to order so it will tell
me that okay you have five boxes so you may
need another six boxes till next Wednesday.

"I use the forecast as my starting point and
then apply a buffer"

we are using application for sub inven-
tory, for ordering purpose, they are try-
ing to move like forward, like to do or-
dering without a person. So actually, they
are not successful in that.

20

Manual Adjustment of Sys-
tem Orders

"if T think that it is too much, then I can reduce
that. If T think it's less, then I can add the prod-

ucts"

"I adjust the baseline numbers and use that
to set my order quantities"

"this is depend on, mostly on experience,
okay, like, we know when the sale will be
a good"

21

Safety stock for Risk Mitiga-
tion

"I have to plan a week before. Every week?
Every week before I have to predict that. So then
I can order the things. I don't want to be out of
town or something"

"For anything perishable with a short shelf
life I'll order on an average of what I expect
to sell, just to have a small safety margin"

THEME 4:

STAFF SCHEDULING

22

Scheduling time period (2
Weeks Ahead)

"staff it will be two weeks before okay because

the ordering will be like three days or four days
"

once

"I build the rotation about two weeks out
and try to make sute we're propetly cov-
ered"

you are talking about, like, personalkol-
len, as I have discussed. Yeah, I we are
fully trust on that system, and it's a good,
like, it's a give, a giving a right number of
staff scheduling for upcoming days . So
I think so it's a right, okay,
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Personalkollen app for staff
cost monitoring

"we are using that personalkollen okay so there
we can enter the sales for example if i sold for
ten thousand or twenty thousand today if i enter
the sales there and if i will already the schedule
will be there so that software shows me that are
i'm using more staffs or less staffs okay So there
I can see the things according to the staff, staff
cost and all.

"Personalkollen and subinventory app sup-
port ordering process and staff scheduling”

personalkollen, as I have discussed.
Yeah, I we are fully trust on that system,
and it's a good, like, it's a give, a giving a
right number of staff scheduling.

24

Demand-Driven

so as an example today I assigned some staffs like
morning I open 8 to 7 so almost like we have
here for 16 hours so if I enter 10,000 sales then
it will show okay you are exceeding of 2 hours so
the staff cost will be higher than the sales today
if T sell for 20,000 then it will show okay you are
saving the staff today so personalkollen are such
thing that they provide all the details even
whether in the last year sales and if T am If I'm
putting overstaffs, like if I'm putting more staffs,
it will subject me. Or you need this much staff
on this time.

"Scheduling follows from that. I build the
rotation about two weeks out and to make
sure we're properly covered for the hours
that tend to get hectic"

THEME
MENTS & TECHNOLOGY

J:
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"now they're even more they're trying to use the
Al or something to make it even more easy ac-
cording to the sales automatically to order" "if
there is any software or any PO shows that okay
next week we are gonna have this menu...if some
things comes then it will be easy for us"

A system that could pull in real-time data
like weather forecasts or nearby event list-
ings would genuinely help close that gap", If
the system could pull in forward-looking
data

weather, a local events feed, school
term calendars — it could start adjusting
predictions before the fact rather than after.

"maybe with the help of Al So I think
so this is the way"

"both are not integrated...LivelQ is totally differ-
ent from the personalkollen"

The biggest one is proper integration, one
platform that connects the forecast to my
order quantities and my scheduling, rather
than me being the manual link between
three separate tools. Second is external data
feeds. Weather, events, local calendars that
contextual information would make a big
difference to forecast accuracy on the weeks
that matter most.

if personnelkollen and POS and the sub
inventory, if they can put all this data,
like all this data on personalkollen, and
maybe personnel enhance their features,
then maybe it will be suitable, and they
we can get an accurate data.

"Hetre you can say matketing, and here in my
store, it's a developing area. So I need more peo-
ple to be surrounded here.

Al or Advanced Analytics as
Future Tool

25
System Integration as Im-
provement Priority

26
Marketing  as  Demand
Driver

27
Manager Experience Ranked
as Top Forecasting Asset

28

"in my opinion experience experience is the first
one and second is like uh system system both
only those two things are the main important
thing because once you experience then even if
it's busy or even it's going to be that you know
how to manage that and you know how to the
experience

"over time you develop a feel for which fac-
tor matters most in a given week"

"this is depend on, mostly on experi-

ence"
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Subway Food Chain-Team Leader

S.N Code

Gamlastaden (TL-G)

Linnegatan (TL-L)

Centralstation (TL-C)

THEME 1: DEMAND FORECASTING

PRACTICES
Manager-led forecasting Most things are done by manager and | Not in the formal sense — that's really the | We are not directly responsible for the preparing the
I use the POS system. manager's work. But I do contribute to it, forecast, but we try to support through our daily
even if it doesn't always feel like a operational observation.
structured process.
1
Daily & weekly sales review I review daily and Every shift I fill in note what ran short or I try to check from the POS system, how the
weekly sales to help ran out. The manager uses those records customer are, like they there are more or less, and
plan stock and when planning the next week's orders. we use the system generally easy to use and provide
staffing. useful information about the peak hour.
2
Use of past sales data & We use past sales data and seasonal The most useful comparison I've found is We depend upon previous shift experience and
seasonal trends trends, promotions. looking at what the prep sheet assumed for | seasonal trend, like we have our special campaign,
a Friday versus what we actually sold — like sub of the day at that time, we have more
there's often a pattern there that repeats customer, and especially we have more customer on
week to week. weekend and like promotional campaign also.
3
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Real-time observation as input We follow system forecast but adjust I also try to mention anything unusual that | During unexpected rush out, we try to increase the
to forecast based on real-time customer flow. happened during my shift — a big group food preparation and adjust the staff roles to
coming in without notice, an event nearby | maintain the service smoothly and efficiently.
that brought people in unexpectedly —
because those are exactly the things that
throw off a historical-data-based forecast.
4
POS for monitoring sales & I check them daily and review weekly Every shift I look at the daily sales Every, each and hour, like one hour gap I try to
customer flow summaries. summary when I clock in — that's a habit check and forecast the report from POS system.
the manager drilled into me early on and
it's stuck.
5
POS user friendly system It is quite easy and user friendly. For that purpose it's perfectly The system generally easy to use than provide useful
straightforward — you select the date and | information about the peak hour and how many
the numbers come up. sandwich we sell.
0
Manager-led demand In the morning manager tell us about Mostly through the briefing at the start of When there is, like manager available in our ship, he
communication expected customer and tell us about the shift — either the manager tells me tried to forecast, and, you know, tell us about the
food preparation. what to expect or I piece it together from expected formulation, and I don't like bother him,
the preparation sheet. On a typical day and he tried to tell us everything, like, it's gonna be
7 that's enough. sales more or less, and we depend upon him
Conditional forecast reliability It is mostly accurate but different on Accuracy is reasonable for normal days, but | I'm not sure the this will accurately, like you know,
busy or unexpected days when something unexpected happens —a | for it is good for actual forecasting.We have our
school group arriving, rain keeping people | special campaign, like sub of the day at that time, we
away, then I will coordinate with kitchen have like, you know, more customer, and especially
staff accordingly. we have more customer and weekend and like
promotional campaign also, and they try to test new
8 one at that time, we have a big customer.
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Adjustment during daily
operation

we follow system forecast but adjust
based on real-time customers flow

If it's a slow afternoon and the bread we
proofed earlier is getting ahead of demand,
I'll slow down the next batch to avoid
waste.

I think we change the like. You know our forecast
during our daily operation. For example, during our
unexpected rush out, we try to increase the like,
food preparation and adjust the staff roles to
maintain the service, like, smoothly and efficiently.

9
Regular review of forecast Yes, I check them daily and review Every shift I look at the daily sales Yes, I do. I try to forecast like, you know, every,
reports weekly summaries. summary when I clock in — that's a habit each and hour, like, one, one hour gap I try to check
the manager drilled into me early on and and forecast the report
it's stuck
10
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THEME 3: IMPACT ON
OPERATIONAL EFFICENCY

Peak hour workload increase

18

It increases workload during peak
hours like launch times and reduce it
during slow periods.

When there is high customer demand like
twenty people coming in at once when you
only expected five — everything tightens

Llp.

When there is high demand increases the pressure,
like stress to the staff. We need the faster
coordination and multitasking.
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Staff fatigue during unexpected
rushes

If it lasts long enough, people get fatigued
and that's when mistakes happen — wrong
orders, skipped steps.

When there is too much customer, we have another
subway in this central one, and we try to bring from
another subway stop to make easy and to make
stress free.

19
Service quality affected during It affects service speeds during busy When we're caught short-staffed in an We don't compromise in our service quality. We try
busy times times. unexpected rush, service quality is the first | to follow the standard of our subway.
thing to slip.
20
Maintaining service standards We try to make sure our service quality We don't compromise in our service quality. We try
meet the company standard. to follow the standard of our subway.
21
Increased wait time during rush | Customer waiting time increases When we're caught unprepared by a surge, | When there is too much customer and they need to
hours during rush hours. that can stretch to eight or ten minutes. wait around maybe four or five minutes if there are
too much customer.
22

THEME 4: FUTURE IMPROVEMENT

23

Predicted Accurate sales data
system included local context
factors

Accurate sales data and better system
updates is important to improve
demand forecasting.

Knowing that Tuesday will be busy is
helpful, but knowing it'll be busiest
between eleven and one-thirty, then quiet
until around four o'clock — that's actually
actionable. Anything that automatically
accounts for local context — weather,
events, school calendars — without
requiring the manager to research and enter
it manually would be a genuine
improvement.

We need more information about upcoming event.
We are very close with stadium and we have train
station.
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Promotional campaign We use past sales data and seasonal We have our special campaign, like sub of the day at
awareness trends, promotions. that time, we have more customer and promotional
campaign also.
24
Waste reduction Better forecasting system reduce The operations would run more smoothly, | A more accurate forecasting system would help
waste, improving staffing and ensure waste would come down, and honestly the | reduce food waste and also food cost.
better customer service. team would feel less stressed
25
Better staffing efficiency Better forecasting system reduce If a reliable, real-time forecast were giving | Improve establish stress, reduce the food waste and
waste, improving staffing and ensure me that information directly, I could put also food cost and preventing stock shortage.
better customer service. that energy into coaching the team, making
sure quality stays high.
26
Improved customer service Better forecasting system reduce The operations would run more smoothly, | Try to improve the service quality by ensuring good
waste, improving staffing and ensure waste would come down. preparation during our rush hour.
better customer service.
27
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