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The packaging industry operates in a derived-demand environment in which demand is 

driven by fast-moving consumer goods such as food and beverages. Fibre-based packaging 

production relies on capital-intensive assets that require high utilisation, so decisions about 

capacity, production, and inventory must be made before changes in end consumption are 

reflected in customer orders. Recent market uncertainty has heightened this challenge. At 

the case company, internal demand data, customer input, and historical demand patterns 

provide useful short-term visibility but limited support for interpreting future demand 

pressure over the 3–12-month Sales and Operations Planning (S&OP) horizon. 

The objective of this thesis is to develop and evaluate a driver-based market-sensing 

framework to interpret the direction of end-use demand pressure at the tactical planning 

horizon, using publicly available external indicators. The study follows a constructive 

research approach and a mixed-methods single-case design. Qualitative expert interviews 

and current-state analysis examine the existing planning process and the limitations of 

internal signals, while quantitative analysis evaluates whether public external indicators 

provide usable directional information for selected internal demand-planning targets. 

The findings show that internal demand signals are necessary but insufficient as standalone 

forward-looking inputs in an upstream supply-chain position. Public external indicators 

provide useful directional content selectively, especially at the six-month horizon and in 

selected three-month targets. As a result, the thesis proposes a framework operationalised 

through two artefacts: the External Market Brief and the Demand Pressure Map. The 

framework does not replace internal demand planning or commercial judgement; rather, it 

supports tactical S&OP decision-making by making external demand pressure more visible, 

discussable, and traceable before changes are fully reflected in internal order data.  
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Pakkausteollisuus toimii johdetun kysynnän ympäristössä, jossa kysyntää ohjaavat nopeasti 

liikkuvat kulutustavarat. Kuitupohjainen pakkaustuotanto perustuu pääomavaltaisiin 

tuotantoresursseihin, joten kapasiteetti-, tuotanto- ja varastopäätöksiä on tehtävä ennen 

asiakastilausten tarkentumista. Kohdeyrityksessä sisäinen kysyntä- ja asiakastieto sekä 

historialliset kysyntämallit tarjoavat lyhyen aikavälin näkyvyyttä, mutta tukevat 

kysyntäpaineen arviointia vain rajallisesti Sales and Operations Planning (S&OP) -prosessin 

3–12 kuukauden aikajänteellä. 

Diplomityössä kehitetään ja arvioidaan ajuripohjainen markkinoiden aistimisen viitekehys, 

joka tukee loppukäyttösegmenttien kysynnän suunnan arviointia ulkoisten indikaattoreiden 

avulla. Tutkimus toteutettiin konstruktiivisena, monimenetelmällisenä tapaustutkimuksena. 

Laadullisilla asiantuntijahaastatteluilla ja nykytila-analyysillä tarkasteltiin nykyistä 

suunnitteluprosessia ja sisäisten signaalien rajoitteita, kun taas määrällisessä analyysissä 

arvioitiin ulkoisten indikaattoreiden suuntaa-antavaa käyttökelpoisuutta. 

Tulokset osoittavat, että sisäiset kysyntäsignaalit ovat välttämättömiä, mutta riittämättömiä 

ainoina ennakoivina lähtötietoina toimitusketjun alkupäässä. Ulkoiset indikaattorit tarjoavat 

hyödyllistä suuntatietoa valikoivasti, erityisesti 6 kuukauden aikajänteellä sekä valituissa 3 

kuukauden aikajänteissä. Tuloksena on viitekehys, joka konkretisoituu kahdeksi artefaktiksi: 

ulkoiseksi markkinakatsaukseksi (External Market Brief) ja kysyntäpainekartaksi (Demand 

Pressure Map). Viitekehys ei korvaa sisäistä kysynnän suunnittelua tai kaupallista harkintaa, 

vaan tukee taktista S&OP-päätöksentekoa tekemällä ulkoisesta kysyntäpaineesta 

näkyvämpää ja helpommin keskusteltavaa.  
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SYMBOLS AND ABBREVIATIONS 

  

Symbols 

h   Forecast horizon in months 

h+k   Planning horizon k months ahead of the reference month 

i   External indicator index 

t   Time index, month 

x_i,t   Value of external indicator i in month t 

x_i,t^YoY   Year-on-year percentage change of external indicator i in month     

t 

x_i,t^Δ12   Twelve-month difference of external indicator i in month t 

y_t   Realised target value in month t 

ŷ_t   Predicted target value in month t 

ŷ_t^pers   Persistence-benchmark prediction in month t 

N   Number of evaluation observations 

N_TP   Number of turning-point observations 

I[·]   Indicator function 

sign(·)   Sign function 

DA_h   Directional accuracy at horizon h 

TPDA   Turning-point directional accuracy 

Gain_h   Directional-accuracy gain over persistence at horizon h 

 

 

 



Abbreviations 

AI   Artificial intelligence 

ARIMA   Autoregressive integrated moving average 

CEPI   Confederation of European Paper Industries 

DA   Directional accuracy 

EA21   Euro area, 21 countries 

EU27   European Union, 27 countries 

ElasticNetCV  Elastic Net with cross-validation 

FAO   Food and Agriculture Organization of the United Nations 

GDP   Gross domestic product 

HICP   Harmonised Index of Consumer Prices 

IBP   Integrated Business Planning 

NPISH   Non-profit institutions serving households 

PPI   Producer Price Index 

S&OP   Sales and Operations Planning 

TP   Turning point 

TPDA   Turning-point directional accuracy 

X-13ARIMA-SEATS  Seasonal adjustment method combining X-13ARIMA and 

SEATS procedures 

XGBoost   Extreme Gradient Boosting 

YoY   Year-on-year
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1  Introduction 

1.1  Background and Industry context 

The packaging industry operates in a derived-demand environment driven by fast-moving 

consumer goods such as food, beverages, and other consumer products. Upstream producers 

face commercial challenges related to both demand levels and the timing and direction of 

changes in demand. Because fibre-based packaging production relies on capital-intensive 

assets designed for high utilisation, decisions on inventory, pricing, production loading, and 

capacity allocation often need to be made months before end-consumer behaviour becomes 

fully visible in customer orders. 

Recent market conditions have amplified this challenge. The European cartonboard market 

has been characterised by macroeconomic uncertainty, uneven regional demand growth, and 

intensified competition, partly linked to global capacity expansions (Cepi, 2026). When 

production capacity grows faster than demand, margins are compressed and competition for 

volume increases. In this environment, operational efficiency alone is insufficient; demand 

intelligence and planning capabilities are increasingly important sources of commercial 

advantage (Bain & Company, 2026). 

The product segment examined in this thesis is a premium fibre-based cartonboard grade 

used across several consumer-facing end-use applications, including beverage multipacks, 

dry food, frozen and chilled food, chocolate and confectionery, and other general packaging. 

These end-use segments do not necessarily move together. They may respond to different 

economic drivers, seasonal patterns, consumer behaviours, and retail dynamics. As a result, 

an upstream producer may face a demand environment that appears stable at the aggregate 

product-group level while still containing meaningful variation across individual end-use 

segments. 

The case company is a large upstream packaging producer whose commercial and 

operational decisions are coordinated through a monthly Sales and Operations Planning 

process. S&OP provides the central mechanism for aligning market demand, supply 

capabilities, and business priorities at the tactical horizon (Tuomikangas & Kaipia, 2014; 
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Pereira et al., 2020). Earlier recognition of demand turning points can support more proactive 

commercial and operational positioning, whereas late recognition leaves the organisation 

reacting after planning options have narrowed. Therefore, the ability to translate external 

market signals into actionable S&OP intelligence is commercially important in uncertain 

and capacity-sensitive markets. 

1.2  The core problem as a business development problem 

The case company has detailed demand information across product groups, customers, 

geographies, and end-use segments. The limitation is that this information is mainly 

backwards-looking or internally generated. It describes realised orders, recent demand 

development, customer input, and planning assumptions. However, it does not provide a 

structured, externally grounded view of where demand is likely to move at the tactical 

planning horizon. 

This forward-looking gap is commercially important. Decisions concerning capacity 

allocation, mill loading, customer prioritisation, curtailment preparation, and pricing require 

visibility several months in advance, placing them within the tactical S&OP horizon (Pereira 

et al., 2020; Sagaert et al., 2019). Sales input, customer conversations, and order inflow 

provide valuable guidance for short-term execution, especially over the next one to two 

months. Beyond that window, customer visibility weakens, and the planning process 

becomes more dependent on internal assumptions, historical patterns, and managerial 

judgement. 

This dependence has become more problematic in the post-Covid operating environment. 

Inflation, inventory corrections, shifting consumer behaviour, and changing customer 

ordering practices have made past demand patterns a less reliable guide to future market 

direction. Historical data remains necessary for understanding baselines, seasonality, 

customer structure, and recent performance, but it cannot reliably identify market turning 

points before they appear in the order book. This is precisely where extrapolative approaches 

become vulnerable during structural breaks (Arora et al., 2025; Brandtner & Dakon, 2025). 

The forward-looking gap is especially important at the end-use segment level. One Product 

Segment can serve several end-use segments that may respond differently to consumer 
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demand, price pressure, seasonality, and retail dynamics. The company already has internal 

visibility into end-use segments, and segment-specific explanations may appear in planning 

discussions. The main gap is that existing end-use knowledge is not systematically combined 

with external, forward-looking market indicators. As a result, the process may identify what 

has changed and why it may have changed, but it has less structured support for assessing 

whether the movement is likely to continue, reverse, or intensify. 

This also has commercial relevance beyond the demand planning itself. A more structured 

external view of end-use demand pressure could help sales and product line teams focus 

attention on the segments where customer dialogue, demand-plan challenge, or proactive 

commercial action is most needed. The opportunity is therefore to strengthen the planning 

and commercial value of existing end-use knowledge by linking it more systematically to 

external market signals. 

The company’s upstream position further complicates the internal demand signal. The case 

company operates upstream in the supply chain, supplying converters and merchants rather 

than final consumers. This structural position means that incoming orders reflect a complex 

mix of actual end-market consumption, intermediate inventory adjustments, and speculative 

purchasing behaviour. Consequently, the company is highly exposed to demand-signal 

distortion and the bullwhip effect, making it difficult to rely solely on internal orders to 

gauge the true market direction (Buchmeister et al., 2013; Lee et al., 1997; Ulrich et al., 

2025). 

Together, these factors create structural decision latency. The market may change before the 

internal planning process has sufficient evidence to react. Late recognition of demand shifts 

can weaken capacity utilisation, pricing discipline, customer prioritisation, and margin 

outcomes. This shifts the problem beyond forecasting. The organisation has an opportunity 

to connect external market signals more systematically with tactical planning and 

commercial decision-making. 

1.3  Objectives and research questions 

The objective of this thesis is to develop and evaluate a driver-based market-sensing 

framework that uses public external indicators and existing end-use segment knowledge to 
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support directional interpretation of demand pressure at the tactical planning horizon. The 

framework is intended to improve decision readiness in the case company’s S&OP process 

by translating external market signals into structured insight about where end-use demand 

pressure may be moving before those movements become fully visible in internal order data. 

The framework developed in this thesis addresses this opportunity through two practical 

artefacts: the External Market Brief and the Demand Pressure Map. Together, these artefacts 

form the market-sensing framework referred to throughout the thesis. The thesis is guided 

by the following main research question: 

How can public external market indicators be structured into a driver-based market-sensing 

framework to support tactical demand planning and decision-making in the S&OP process? 

The main research question is supported through three sub-research questions. The first sub-

question establishes the diagnostic foundation by examining the current planning context, 

internal signal limitations, and end-use segment dynamics: 

What are the key demand dynamics, signal delays, and tactical planning limitations in the 

current S&OP process, and how do they vary across end-use segments? 

The second sub-question forms the empirical core of the thesis. It examines whether public 

external indicators provide sufficiently stable directional information to support 

interpretation of end-use demand pressure at the tactical horizon: 

Which public external indicators provide stable leading content for end-use demand trend 

direction at the 3–12 month horizon? 

The third sub-question converts the empirical findings into a practical management 

construction by examining how external market readings can be structured and embedded 

into the existing planning process: 

How should external market signals be structured and integrated into S&OP processes to 

support planning decisions at the tactical horizon? 

The three questions follow a deliberate sequence: the first question characterises the 

planning problem empirically, the second evaluates the analytical signal potential, and the 

third designs the process integration that connects validated signals to planning decisions. 
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1.4  Scope and delimitations 

The thesis is scoped to a single product segment within the case company’s portfolio. The 

geographic scope of the demand analysis reflects the case company’s European sales 

distribution. The analysis is therefore not intended to represent the full company portfolio or 

global cartonboard demand, but to develop and evaluate a framework within a defined 

product segment and market context. The primary planning horizon is the tactical 3–12-

month window. Operational forecasting below three months is outside the main scope, as 

this horizon is more directly supported by customer input, order inflow, and near-term 

commercial visibility. Strategic planning beyond twelve months is also excluded, as the 

thesis focuses on tactical S&OP decision support rather than long-term capacity investment 

or market-entry strategy. 

The framework is designed as a decision-support tool for the S&OP Demand Review 

process. It provides structured external comparison points for directional interpretation while 

preserving the role of internal demand planning, commercial judgement, and direct customer 

intelligence. The empirical evaluation, therefore, focuses on directional accuracy, turning-

point interpretation, signal stability, and operational usability rather than point-forecast 

precision. The framework is validated using the weak-market test standard defined by 

Kasanen et al. (1993). This means that the thesis evaluates whether responsible stakeholders 

consider the framework relevant, understandable, and potentially useful in practice. The 

thesis does not claim measured improvement in live performance, as such validation would 

require implementation across multiple planning cycles. 

1.5  Structure of the thesis 

The thesis is organised into eight chapters and follows the logic of the constructive research 

approach. The study first frames the business problem, then develops the theoretical and 

methodological foundation, diagnoses the current planning context, analyses external 

indicators, and finally constructs and validates a market-sensing framework for tactical 

S&OP decision support. Chapter one introduces the research background, business problem, 

objective, research questions, scope, and structure of the thesis. Chapter two develops the 

theoretical framework by reviewing S&OP and IBP development, demand-signal distortion 
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in upstream manufacturing, external indicators as potential leading signals and market 

sensing as an organisational capability. The chapter concludes by linking these theoretical 

areas to the framework's design logic. 

Chapter three presents the research methodology. It justifies the constructive research 

approach and explains how interviews, internal demand data, public external indicators, and 

quantitative backtesting are combined. It also addresses the analytical procedure, validation 

logic, reliability, confidentiality, and the weak market test. Chapter four provides the current 

state and diagnostic analysis. It examines the existing S&OP process, the role and limitations 

of internal demand data, the forward-looking gap at the end-use segment level, and the effect 

of post-Covid regime instability on tactical planning. The chapter produces the practical 

design requirements for the framework. Chapter five reports the external indicator analysis. 

It defines the analytical target, constructs and classifies the external indicator panel, 

evaluates directional performance through walk-forward backtesting, and identifies where 

external readings provide usable directional comparison points. The chapter concludes with 

the product-segment signal usability classification and decision matrix.  

Chapter six presents the market-sensing framework and its validation. It translates the 

Chapter five decision matrix into two operational artefacts: the External Market Brief and 

the Demand Pressure Map. The chapter explains how these artefacts enter the monthly 

S&OP process, how they function as external comparison and discussion tools, and how the 

framework is assessed through the weak market test. Chapter seven discusses the findings 

in relation to theory, methodology, and managerial practice. It considers the implications for 

S&OP and IBP development, market sensing as an organisational capability, public external 

indicators in tactical planning, and the use of model-based decision support under 

uncertainty. Chapter eight concludes the thesis by answering the main research question and 

sub-questions, summarising the contributions, and identifying future directions for 

development. The structure of the thesis is summarised in Table 1. 
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Table 1. Structure of the thesis 

Input Chapter Output 

Industry context and business 

problem 

1 Introduction Research objective, scope, 

research questions 

S&OP/IBP, demand distortion, 

external indicators, market sensing 

literature 

2 Theoretical framework Conceptual logic and design 

principles 

Constructive research, interviews, 

external indicator analysis 

3 Methodology Research design and analytical 

procedure 

Interviews and process/data diagnosis 4 Current state analysis Tactical sensing gap and design 

requirements 

Internal demand data + public 

external indicators 

5 External indicator analysis Signal usability classification and 

decision matrix 

Chapter 5 decision matrix + 

stakeholder feedback 

6 Framework design External Market Brief, Demand 

Pressure Map, weak market test 

Findings across theory, method and 

practice 

7 Discussion Theoretical, methodological and 

managerial implications 

Full thesis findings 8 Conclusions Answers to research questions 
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2  Theoretical Framework and Literature 

This chapter develops the theoretical foundation for the thesis by reviewing S&OP and IBP, 

demand-signal distortion in upstream manufacturing, external indicators as tactical demand 

signals, and market sensing as an organisational capability. It shows why internal demand 

data alone may be insufficient for forward-looking planning and synthesises the literature 

into design principles for the market-sensing framework developed later in the thesis. 

2.1  Planning Evolution: From S&OP to IBP 

Sales and operations planning (S&OP) emerged as a formal cross-functional process to 

address a persistent organisational tension in manufacturing firms: sales and marketing are 

typically oriented toward market responsiveness and revenue generation, whereas operations 

and supply chain functions prioritise feasibility, efficiency, and resource stability (Ling & 

Goddard, 1988; Nyman et al., 2025). In its established form, S&OP is a monthly planning 

process designed to balance demand and supply at an aggregate level over a medium-term 

horizon. Wallace and Stahl (2008) describe this in a five-step structure comprising Data 

Gathering, Demand Planning, Supply Planning, Pre-meeting, and Executive Meeting. This 

recurring cycle is intended to align demand and supply over a tactical horizon of roughly 3 

to 18 months (Fakhry et al., 2025). At lower maturity levels, however, the process remains 

predominantly internally oriented: coordination is achieved through shared internal data, 

recurring meetings, and functional alignment rather than through systematic incorporation 

of external market intelligence (Tuomikangas & Kaipia, 2014). 

Integrated business planning (IBP) is widely understood as the more mature evolution of this 

process. The difference is substantive, not only terminological. Whereas traditional S&OP 

is primarily concerned with balancing demand and supply in volume terms, IBP extends this 

logic by integrating financial evaluation, strategic alignment, and scenario-based decision-

making into the planning cycle (Seeling et al., 2022; Willms & Brandenburg, 2019). Seeling 

et al. (2022) describe IBP as an advanced form of S&OP in which the planning process 

becomes more holistic and financially embedded, allowing decisions to be evaluated not 

only in terms of volume feasibility but also profitability and strategic fit. Willms and 
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Brandenburg (2019) similarly identify the broader shift from volume-based to value-based 

planning as a defining development in cross-functional supply chain management. Recent 

literature further notes that IBP includes structural elements not typically present in 

conventional S&OP, most notably a product portfolio review and an integrated 

reconciliation step that evaluates operational, financial, and strategic scenarios jointly 

(Nyman et al., 2025). These additions indicate a bigger change in the logic of planning. The 

process no longer serves only to balance internal functions; it becomes a mechanism for 

enterprise-wide prioritisation and decision-making under uncertainty. 

The importance of this evolution has increased as firms have become embedded in more 

dynamic and complex supply chain environments. Traditional S&OP was largely developed 

for settings in which demand and supply conditions were comparatively stable and where 

historical internal data, managerial review, and periodic alignment were often sufficient for 

tactical coordination. More recent research suggests that these assumptions are increasingly 

difficult to sustain. Jonsson et al. (2021) note that many organisations struggle to progress 

toward advanced S&OP maturity, raising the question of whether the process as originally 

conceived is adequate for operating environments characterised by continuous change. This 

challenge is reinforced by recent evidence on the management of uncertainty. Fakhry et al. 

(2025) find that approaches to handling uncertainty within S&OP remain fragmented, 

reactive, and rarely embedded into a unified planning framework across process, tools, 

people, and decision dimensions.  

Kalla et al. (2026) deepen this diagnosis through a Complex Adaptive Systems perspective, 

arguing that supply chains should not be treated as stable, hierarchical structures but as 

dynamic, interdependent systems whose behaviour is continuously shaped by external 

change. From this perspective, conventional S&OP designs are insufficient because they do 

not adequately monitor, interpret, or integrate external developments into the planning 

process. The external shocks of the early 2020s made this weakness especially visible. 

Brandtner and Dakon (2025) show that during the Covid-19 crisis, firms relying heavily on 

traditional forecasting and planning logic were poorly equipped to recognise structural 

breaks and adapt planning assumptions quickly. Practitioner evidence points in the same 

direction: foundational planning processes are widespread, but relatively few organisations 

report achieving truly integrated end-to-end planning maturity (Garro et al., 2026). Taken 
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together, this literature suggests that while IBP is widely recognised as the desired direction 

of planning evolution, many firms continue to operate below that level in practice. 

This creates a gap between IBP’s ambition and the analytical capabilities available in many 

organisations. The maturity literature clearly describes the direction of development: 

advanced planning processes increasingly integrate external market conditions, strategic 

trade-offs, and cross-functional decision-making (Tuomikangas & Kaipia, 2014; Nyman et 

al., 2025). However, recent S&OP literature also suggests that uncertainty management often 

remains fragmented and reactive rather than embedded into a unified planning framework 

(Fakhry et al., 2025), while dynamic supply chain environments challenge planning 

processes that rely mainly on stable internal continuation assumptions (Jonsson et al., 2021; 

Kalla et al., 2026). Scenario planning and integrated reconciliation are therefore only as 

useful as the information and assumptions that feed them. If the planning process relies 

mainly on lagging internal data or unstructured managerial intuition, its ability to support 

externally informed tactical decision-making remains limited. 

2.2  Structural Sources of Demand Signal Distortion in Upstream Manufacturing 

The bullwhip effect amplifies order variability across supply-chain tiers. As a result, 

upstream manufacturers receive demand signals that are heavily distorted and may diverge 

from true end-consumer demand (Buchmeister et al., 2013; Lee et al., 1997). This 

amplification is driven by deeply embedded behavioural and operational dynamics. Order 

batching, promotional price fluctuations, and phantom ordering during shortages all 

contribute to severe signal distortion (Lee et al., 1997; Ulrich et al., 2025). Consequently, 

the mill-level order data observed by upstream firms reflects the distorted purchasing 

behaviour and inventory policies of intermediaries. It does not reflect the actual consumption 

rate in the end market. Manufacturers who rely on immediate order data alone are therefore 

misled by amplified demand patterns and transactional noise in the supply chain (Chen et 

al., 2000; Lee et al., 1997; Weisz et al., 2023). 

A second structural mechanism degrading internal data is capacity-constrained censoring. 

Upstream process industries operate under rigid, continuous-flow production constraints that 

are inflexible in the short term (Noroozi & Wikner, 2017; Almeida et al., 2022). During 

periods of tight supply, the recorded invoiced volume merely represents a supply-demand 
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clearing quantity. It reflects what the factory could produce rather than the true 

unconstrained market demand (Pereira et al., 2020). This implies that the dependent variable 

observed by the firm is itself a censored signal (Boone et al., 2019). True demand pressure 

becomes invisible precisely when supply acts as the binding constraint. Fitting forecasting 

models to this censored data systematically conflates the underlying demand signal with the 

firm's historical supply response (Boone et al., 2019). Consequently, advanced tactical 

frameworks must be positioned as demand-pressure sensing mechanisms rather than mere 

shipment forecasters. Figure 1 summarises the main mechanisms through which upstream 

manufacturers may receive distorted, constrained, or aggregated demand signals rather than 

direct end-market demand. 

 

Figure 1. Demand signal distortion in upstream manufacturing (synthesis based on Lee et al. (1997), Ulrich et 

al. (2025), Noroozi and Wikner (2017), Almeida et al. (2022), and Sagaert and Kourentzes (2025)) 

The third compounding mechanism is the netting effect caused by hierarchical demand 

aggregation. Tactical planning processes often aggregate demand across heterogeneous end-

use segments to simplify capacity allocation at the product group level. However, this 

mathematical aggregation systematically cancels out opposing demand movements between 

distinct market segments (Sagaert & Kourentzes, 2025). An increase in one downstream 

sector frequently offsets a decline in another. This cancellation produces a spuriously stable 

or low-signal time series at the aggregate level (Sagaert & Kourentzes, 2025). Consequently, 



23 

 

 

top-level aggregation entirely masks genuine segment-level market dynamics, meaning 

critical information is lost when sales are aggregated into upstream replenishment orders 

(Saarinen et al., 2025). This prevents planners from detecting early warning signals 

originating from specific industries and executing targeted commercial responses. 

Ultimately, these three mechanisms are not minor data-quality problems that can be resolved 

by better internal software. They are inherent structural features of upstream business-to-

business supply chains. This means that internal data remain necessary but insufficient as a 

standalone forward-looking signal at the tactical horizon (Verstraete et al., 2020). Relying 

on distorted, censored, and aggregated signals forces organisations into a reactive position 

in the face of macroeconomic shifts. To achieve proactive planning capabilities, firms must 

overcome these internal structural distortions. This information gap supports the need for a 

more outward-facing information architecture, as models must dynamically incorporate 

external data sources and short-term market signals rather than relying solely on internal 

historical data (Brandtner & Dakon, 2025). Integrating external macroeconomic leading 

indicators can help resolve tactical-horizon blind spots (Sagaert et al., 2018). 

2.3  External Indicators as Leading Demand Signals 

In the S&OP literature, the tactical planning horizon is commonly defined as extending from 

roughly 3 to 18 months and is the period during which firms make medium-term decisions 

regarding capacity, supply, and resource allocation (Fakhry et al., 2025; Noroozi & Wikner, 

2017). For an upstream manufacturer, this interval is particularly challenging because 

information sources that are highly reliable in the short term become less reliable as the 

planning window lengthens. While internal order signals and customer commitments 

provide a direct indication of near-term volumes, their informational quality weakens over 

longer horizons. Buyers facing expected shortages often place strategic orders to secure 

supply, artificially inflating demand beyond actual consumption. Ulrich et al. (2025) 

describe this behaviour as phantom ordering. This phenomenon is especially problematic for 

upstream suppliers, who are furthest removed from final consumption and therefore highly 

exposed to demand distortion (Buchmeister et al., 2013). Consequently, while internal orders 

remain operationally necessary, they become progressively less informative as indicators of 

true end-market direction. 
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Univariate statistical forecasting methods are often used to bridge this medium-term gap by 

extrapolating historical trends and seasonal structures forward (Punia, 2026). 

Methodologically, this is attractive because such models are well established, 

computationally efficient, and reasonably effective when the underlying demand process 

remains stable (Arora et al., 2025). Their core limitation, however, is that they rely on the 

assumption that historical structures remain sufficiently informative for the future. At 

genuine turning points, this assumption becomes fragile. Structural breaks can alter the 

relationship between past and future observations, meaning that models fitted on historical 

demand patterns may continue to produce plausible-looking forecasts even when the market 

process has changed (Bauwens et al., 2015). 

This limitation became especially visible during and after the Covid-19 disruption, when 

historical demand relationships often no longer provided a reliable guide to near-future 

development (Arora et al., 2025; Brandtner & Dakon, 2025). Forecasting research has 

proposed responses such as adaptive parameters, intervention treatment, downweighting 

disrupted observations, or treating disruptions as missing values (Arora et al., 2025). These 

approaches can improve models' handling of exceptional periods, but they mainly respond 

after disruption becomes visible rather than eliminating the underlying problem of regime 

change. Evidence from inventory planning research reinforces this point, showing that 

extrapolative models are particularly exposed during major shocks, when historical patterns 

no longer reflect the current market environment (Sagaert & Kourentzes, 2025). 

This structural vulnerability explains why public external indicators become theoretically 

relevant at the tactical horizon. Their value lies not simply in improving existing 

extrapolative models, but in providing information about demand conditions that are not 

derived exclusively from the firm’s own historical demand series. ARIMA, exponential 

smoothing, and related univariate approaches address the continuity of internal historical 

demand patterns; external indicators can capture changes in the wider market environment 

that may precede internal order movements. These approaches should therefore not be seen 

as competing methods on a simple quality spectrum. Rather, they address different 

informational problems, and the tactical horizon is the point at which this distinction 

becomes especially important (Sagaert et al., 2018; Verstraete et al., 2020). 

The case for external indicators is also supported by the economic logic of upstream 

manufacturing. Indicators related to industrial activity, inflation, confidence, commodity 
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prices, and other macroeconomic conditions can contain information about changes in 

downstream economic behaviour before these changes become fully visible in upstream 

producers’ order books (Islam & Mumtaz, 2016; Verstraete et al., 2020). Because upstream 

firms are structurally exposed to bullwhip effects and to order distortion from intermediaries, 

such indicators may offer a timelier proxy for shifts in end-market direction than customer 

orders alone (Chen et al., 2000; Lee et al., 1997). Ulrich et al. (2025) make this argument in 

the semiconductor context, where upstream producers rely on downstream inventory and 

macroeconomic indicators because direct orders often reflect tactical purchasing behaviour 

rather than final consumption. Although the industrial context differs, the underlying 

information problem is comparable: the manufacturer is separated from end demand by 

intervening actors whose procurement behaviour can obscure true market direction. External 

indicators are therefore especially relevant in settings where internal order data remains 

operationally necessary but provides an incomplete view of future market direction. 

The forecasting literature provides empirical support for using external indicators at the 

tactical horizon. In business-to-business contexts, macroeconomic leading indicators 

selected from large candidate sets have been shown to improve tactical forecasting 

performance compared with benchmark practice (Sagaert et al., 2018). Similar logic applies 

to tactical capacity planning, where earlier recognition of demand changes can support more 

effective capacity decisions (Sagaert et al., 2019). External indicators can also be used to 

model longer-term demand components rather than attempting to explain every short-term 

fluctuation (Verstraete et al., 2020). This is relevant to the present thesis because the 

framework supports directional interpretation of demand pressure rather than precise 

monthly shipment forecasting, at a horizon where planning decisions remain actionable. 

More generally, this literature suggests that the value of external indicators lies in improving 

directional understanding in the medium-term window, where both internal information and 

pure extrapolation are limited. 

A practical challenge is that there are many potentially relevant external indicators, and 

many of them are correlated with one another. Without disciplined selection and validation, 

indicator-based analysis may overfit noise or produce unstable interpretations. Research 

using large macroeconomic datasets therefore highlights the value of regularised and 

structured selection approaches for identifying useful predictors while controlling model 

complexity (Bulligan et al., 2015; Sagaert et al., 2018). Later work further supports the idea 
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that external indicators should be interpreted in relation to planning structure and hierarchy, 

rather than treated as isolated statistical variables (Sagaert & Kourentzes, 2025, 2026). The 

implication is that an indicator’s value depends not only on the strength of its correlation but 

also on its stability, interpretability, lead-time behaviour, and fit with the decision context. 

The use of external indicators also requires an important qualification: their directional 

usability is not necessarily stable over time. A series that appeared to lead demand in one 

economic regime may change timing, weaken, or even reverse under different conditions. 

Structural breaks therefore affect not only internal forecasting models but also the 

interpretation of external indicators. Bauwens et al. (2015) show that ignoring breaks in time-

series data can lead to misleading parameter estimates, while Arora et al. (2025) and 

Brandtner and Dakon (2025) demonstrate that periods of disruption can alter demand 

dynamics in ways that render historical relationships less reliable. For tactical planning, 

external indicators should therefore be used as conditional comparison points, not as 

universal predictors. Their usefulness depends on whether their directional link with demand 

remains meaningful under current operating conditions. 

Regime awareness is therefore an essential part of the signal interpretation problem. The 

relevant question is not only which indicators correlate with demand, but under what 

conditions they provide usable directional information (Blaskowitz & Herwartz, 2011). A 

statistical model estimated over a long historical window may conceal substantial variation 

between pre-disruption, disruption, and post-stabilisation periods (Arora et al., 2025). If the 

timing or sign of an indicator relationship changes across regimes, a simple full-sample 

estimate may produce a misleading interpretation. For this reason, tactical market sensing 

should consider lead time, directional stability, and regime context together. 

Overall, external indicators are theoretically relevant because they can provide market-

facing information beyond what internal order data and univariate extrapolation can provide. 

However, their usefulness depends on disciplined selection, planning-horizon fit, and 

regime-sensitive evaluation rather than assuming that historical indicator–demand 

relationships remain stable across all periods. 
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2.4  Market Sensing as an Organisational Capability 

The preceding sections show that external indicators can provide useful comparison points 

for tactical planning, but indicator availability alone does not create planning value. External 

signals must be interpreted, discussed, and linked to decisions made during the recurring 

planning process. Market sensing should therefore be understood not merely as an analytical 

activity, but as an organisational capability. Grounded in the dynamic capabilities 

framework, this refers to the firm’s ability to integrate, build, and reconfigure internal and 

external competences in response to changing environments (Teece et al., 1997). More 

specifically, market sensing involves the capacity to detect relevant changes in the external 

environment, interpret their meaning, and translate them into decision-relevant planning 

input (Teece, 2007; Aslam et al., 2018). The purpose of this section is to move from the 

informational value of external indicators to the organisational conditions required for those 

indicators to influence tactical planning decisions. 

The dynamic capabilities literature provides the foundational theoretical lens for this 

distinction. Teece (2007) disaggregates dynamic capabilities into three core activities: 

sensing opportunities and threats, seizing opportunities, and transforming the resource base. 

In this view, sensing extends beyond data collection to include sense-making: the active 

formation and testing of provisional explanations about environmental developments 

(Baden-Fuller & Teece, 2020). This capability is also a critical predecessor to supply chain 

agility and adaptability, as firms cannot respond effectively to market changes unless they 

first detect and interpret them (Aslam et al., 2018). Demand planning can therefore be framed 

as a dynamic organisational routine through which firms assess volatile environments and 

mitigate potential disruptions (Swierczek, 2020). Together, these perspectives indicate that 

the value of sensing lies not in signal detection alone, but in the organisational routines 

through which signals are interpreted and acted upon. 

This distinction also clarifies the difference between extrapolative forecasting and market 

sensing. Extrapolative forecasting primarily asks what historical data suggests will happen 

next, relying on the assumption that past regularities remain informative for the future (Arora 

et al., 2025). Market sensing asks whether changes in the external environment indicate that 

historical continuation is no longer a sufficient planning assumption. The two approaches 

are complementary, but not identical: forecasting extrapolates from known patterns, whereas 
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sensing identifies shifts in context, drivers, or regimes that may alter the meaning of those 

patterns (Teece, 2007; Baden-Fuller & Teece, 2020). This makes sensing especially relevant 

during periods of disruption, inventory correction, inflationary pressure, or changing 

customer behaviour, when internal order data may lag behind underlying market movement 

(Brandtner & Dakon, 2025). 

Market sensing also requires distinguishing between categories of market intelligence. Moon 

(2018) distinguishes between micro-level intelligence, which is derived from individual 

customer interactions and bottom-up commercial knowledge, and macro-level intelligence, 

which captures broader industry and market developments. While public macro-level 

indicators provide a structured view of market conditions, they cannot capture all customer-

specific campaigns, converter inventory positions, brand-owner launches, or order-backlog 

changes. These signals often become visible only through structured interaction between 

customers, sales, demand planning, and product-line stakeholders (Basavaraju & Fatahi 

Valilai, 2025; Moon, 2018). Collaborative forecasting can therefore be understood as a 

complementary micro-level sensing mechanism that incorporates supply-chain-specific 

knowledge into the planning discussion (Dong et al., 2014). For the present thesis, this means 

that external indicators should not be positioned as a substitute for customer collaboration, 

but as an additional macro-level comparison layer that can be combined with collaborative 

intelligence and reconciled within the S&OP/IBP process (Moon, 2018; Nyman et al., 2025; 

Tuomikangas & Kaipia, 2014). 

The organisational relevance of sensing is especially important at the tactical planning 

horizon. At this horizon, the firm must make decisions before all relevant information 

becomes visible in internal orders, particularly in capacity and resource allocation contexts, 

where earlier recognition of market change can support better planning decisions (Noroozi 

& Wikner, 2017; Sagaert et al., 2019). Planning, therefore, cannot depend only on realised 

demand or on statistical continuation from past patterns (Sagaert et al., 2019). It also requires 

a structured interpretation of external developments that may influence future demand 

pressure. Market sensing does not remove uncertainty, but it can make uncertainty more 

visible and discussable. In this sense, its value lies in improving the quality of planning 

dialogue: it helps decision-makers ask whether the current demand plan remains consistent 

with both customer-level intelligence and macro-level market evidence (Moon, 2018; 

Tuomikangas & Kaipia, 2014). 



29 

 

 

The natural organisational setting for this capability is the recurring S&OP or IBP process. 

These processes are not only forecasting routines; they are cross-functional coordination 

mechanisms through which demand, supply, commercial, and financial perspectives are 

reconciled into shared planning decisions (Seeling et al., 2022). S&OP research emphasises 

the importance of aligned objectives, trust, cross-functional commitment, and shared 

coordination mechanisms for effective planning (Tuomikangas & Kaipia, 2014). Recent IBP 

literature similarly describes IBP as an iterative and cross-functional mechanism through 

which strategic intent is translated into tactical planning and resource-allocation decisions 

(Nyman et al., 2025). From this perspective, external market sensing becomes 

organisationally meaningful only when its outputs are embedded into the forums where 

demand assumptions are reviewed, challenged, and revised (Tuomikangas & Kaipia, 2014). 

The capability perspective also highlights the role of human judgement. Tactical planning 

cannot rely entirely on statistical models because planners and commercial stakeholders 

often possess contextual knowledge about customers, contracts, campaigns, supply 

constraints, and exceptional events (Brau et al., 2023; Fildes et al., 2025). However, 

judgement is not automatically value-adding. Brau et al. (2023) argue that human judgement 

and predictive analytics have complementary strengths: humans can recognise contextual 

signals and special events, while predictive models are better suited to weighing evidence 

consistently. Fildes et al. (2025) further show that judgemental forecast adjustments can 

damage forecast accuracy when planners overreact to significant but non-diagnostic signals 

or seek confirming information. Fahimnia et al. (2023) demonstrate that forecasting 

judgement can also be influenced by cognitive anchors, such as service-level expectations. 

These findings support the need for structured external comparison points that discipline 

managerial judgement without replacing it. 

This is important because tactical planning is rarely purely statistical. Forecasts, demand 

plans, and commercial assumptions are often adjusted through discussion, negotiation, and 

managerial interpretation (Tuomikangas & Kaipia, 2014). Such adjustments may be 

necessary when the organisation possesses information that the model lacks. However, 

without structured evidence, the same process can also amplify bias, overreaction, or 

selective interpretation. A market-sensing routine can reduce this risk by giving participants 

a shared external reference point. The purpose is to create a more transparent basis for 
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examining why the internal plan and external market evidence converge or diverge (Brau et 

al., 2023; Fildes et al., 2025; Tuomikangas & Kaipia, 2014). 

This has direct implications for how market sensing should be evaluated. If the purpose is to 

support tactical decision-making under uncertainty, its value should not be assessed only 

through conventional point-forecast accuracy. Better numerical accuracy does not 

automatically translate into better capacity, inventory, or commercial decisions (Sagaert et 

al., 2019; Sagaert & Kourentzes, 2026). In tactical capacity planning, standard point-forecast 

accuracy may be insufficient for evaluating the operational value of detecting changes in 

market dynamics (Sagaert et al., 2019). Blaskowitz and Herwartz (2011) also show that 

correctly predicting the direction of movement can carry economic value even when the 

exact magnitude remains uncertain. More recent work emphasises that forecast outputs used 

in planning must also be trustworthy, interpretable, and aligned with user objectives. 

Semantic grouping of external variables, for example, can reduce cognitive overload and 

make forecast outputs more usable for planners (Sagaert & Kourentzes, 2026). For this 

thesis, the value of market sensing therefore lies in whether it improves directional 

interpretation, supports timely discussion, and helps decision-makers identify where 

planning assumptions require challenge. 

For market sensing to function as an organisational capability, it must move beyond isolated 

analysis and become part of the planning routine. Three structural conditions are particularly 

important: systematic signal generation, shared interpretation, and integration into recurring 

planning routines (Baden-Fuller & Teece, 2020; Nyman et al., 2025; Tuomikangas & Kaipia, 

2014). First, external signals must be generated systematically rather than episodically. 

Second, these signals must be interpreted using a shared logic that enables cross-functional 

participants to discuss and test their implications. Third, the resulting insight must be 

embedded into the existing tactical planning routine, so that external signals can inform the 

forums where demand assumptions are reviewed and revised. This does not mean that 

external indicators should override direct customer intelligence or commercial judgement. 

Instead, they provide an external, structured comparison point that makes S&OP discussions 

more transparent, evidence-based, and open to challenge (Tuomikangas & Kaipia, 2014). 

The role of this structured comparison becomes particularly important when internal demand 

assumptions and external market readings diverge. Such divergence does not automatically 

imply that the internal plan is incorrect or that the external indicator is correct; rather, it 
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highlights a tension that requires closer examination of the assumptions behind the demand 

plan (Moon, 2018). Fakhry et al. (2025) note that, despite volatile operating environments, 

the responsibility and mechanisms for managing uncertainty within S&OP often remain 

ambiguous and underdeveloped. Kalla et al. (2026) similarly argue that firms increasingly 

operate in complex adaptive systems, where traditional planning approaches based on stable, 

predictable continuity are insufficient. Nyman et al. (2025) further support the relevance of 

formal planning routines as forums in which assumptions can be challenged, feedback can 

be processed, and plans can be reconceptualised. In this context, divergence between internal 

demand assumptions and external market readings can serve as a trigger for systematic 

discussion rather than an automated decision rule. 

Recent developments in predictive analytics and artificial intelligence further reinforce the 

need for structured human–machine interaction in tactical demand planning. Advanced 

analytical tools can support market sensing by processing larger external datasets, 

identifying unusual patterns, and improving the consistency of environmental monitoring 

(Jackson et al., 2024; Walter et al., 2025). However, these capabilities do not remove the 

need for human interpretation. In complex business-to-business environments, historical 

data and algorithmic outputs may fail to capture unprecedented disruptions, customer-

specific behaviour, or sudden changes in market dynamics (Brandtner & Dakon, 2025). 

Moreover, complex models may function as black-box systems, reducing user understanding 

and trust (Walter et al., 2025). In applied planning environments, the value of predictive 

output therefore depends not only on statistical performance but also on whether the output 

is intelligible, stable, and useful for the decision context (Sagaert & Kourentzes, 2026). 

Taken together, the dynamic capabilities literature, demand planning research, and 

S&OP/IBP literature imply a clear process requirement. Market sensing becomes 

organisationally valuable only when the loop between signal generation, shared 

interpretation, and planning discussion is embedded in the recurring planning system. A 

framework that merely produces indicator outputs does not yet constitute an organisational 

capability. Capability depends on whether those outputs are translated into a common 

planning language and used in the forums where tactical demand decisions are made (Baden-

Fuller & Teece, 2020; Tuomikangas & Kaipia, 2014). This leads to the next section, where 

the literature is synthesised into design principles for the framework developed later in the 

thesis. 
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2.5  Conceptual Logic and Synthesis 

The preceding sections established the theoretical foundation for the market-sensing 

framework: the planning context in which external information must operate; the structural 

reasons why internal demand signals alone are insufficient; the conditions under which 

external indicators provide usable directional information; and the organisational 

requirements for signals to influence planning decisions. This section synthesises these areas 

into design principles for the thesis’s driver-based market-sensing framework. 

Taken together, these perspectives imply that the problem addressed in this thesis is not 

primarily a forecasting problem. It is a problem of planning and organisational capability. 

The theoretical issue is how external market information can be selected, interpreted, and 

incorporated into the S&OP process to improve decision readiness without replacing internal 

demand planning, commercial judgement, or direct customer intelligence. 

The conceptual logic is built around the relationship between four theoretical elements. First, 

S&OP and IBP literature define the planning context: tactical decisions require cross-

functional alignment and a recurring forum where demand, supply, commercial, and 

financial assumptions are reconciled. Second, demand-signal distortion literature explains 

why internal order data alone may not provide sufficient forward visibility in upstream 

manufacturing. Third, external-indicator and structural-break literature explains why public 

market indicators can be useful, but also why they must be evaluated for stability and regime 

sensitivity rather than treated as universal predictors. Fourth, the dynamic capabilities and 

market-sensing literature explain why external signals create value only when they are 

converted into shared interpretations and planning discussions. 

This synthesis leads to six design principles for the framework. First, the framework must 

be process-compatible. Since the S&OP/IBP literature emphasises recurring planning 

routines and cross-functional coordination, the framework should fit the existing monthly 

planning rhythm rather than assume a complete redesign of governance structures 

(Tuomikangas & Kaipia, 2014; Nyman et al., 2025). Second, it must provide an external 

comparison layer. Internal demand data remain necessary, but upstream signal distortion, 

capacity constraints, and aggregation mean that internal demand data should be 

complemented by market-facing indicators rather than used as the only basis for tactical 

interpretation (Lee et al., 1997; Ulrich et al., 2025; Sagaert et al., 2018). 
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Third, the framework must be end-use specific. Product groups may serve several end-use 

applications that respond to different economic drivers, seasonal patterns, consumer 

behaviours, and customer dynamics. Aggregated product-group views remain necessary for 

capacity and management review purposes, but directional sensing should operate at the 

level where market drivers can be meaningfully interpreted. Fourth, the framework must be 

horizon explicit. The value of different information sources changes across the planning 

horizon. Short-term order visibility and customer input are most useful near execution, 

whereas external indicators become more relevant in the 3–12-month tactical window, where 

decisions remain actionable but internal visibility weakens (Noroozi & Wikner, 2017; 

Sagaert et al., 2019). 

Fifth, the framework must be regime aware. Indicator relationships may change across 

disrupted and post-disruption operating conditions, so the framework should treat stability, 

lead-time behaviour, and current market context as part of signal interpretation rather than 

assuming that historical relationships remain constant (Bauwens et al., 2015; Arora et al., 

2025; Brandtner & Dakon, 2025). Sixth, the framework must support shared interpretation 

and judgement discipline. External indicators should not override commercial judgement, 

but they can provide structured comparison points that help cross-functional participants 

challenge assumptions and discuss divergence between internal demand assumptions and 

external market readings (Brau et al., 2023; Fildes et al., 2025; Baden-Fuller & Teece, 2020). 

These design principles are summarised in Table 2. 

Table 2. Theory-to-design-principle synthesis 

Theoretical basis Key implication Design principle 

S&OP and IBP literature External market information must be embedded 

into recurring planning routines 

Process compatibility 

Bullwhip effect, upstream 

distortion, capacity 

constraints, and aggregation 

Internal demand data is necessary but insufficient 

as a standalone forward-looking signal 

External comparison 

layer 

End-use heterogeneity and 

aggregation effects 

Demand drivers differ across end-use applications 

and may be hidden at the aggregate level 

End-use specificity 

Tactical planning and 

external-indicator literature 

Information value differs by planning horizon Horizon explicitness 

Structural-break and regime-

instability literature 

Indicator relationships may change across 

operating regimes 

Regime awareness 

Dynamic capabilities, 

market sensing, and 

judgemental forecasting 

literature 

Signals create value only when interpreted, 

discussed, and used to challenge assumptions 

Shared interpretation 

and judgement 

discipline 
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The framework developed later in the thesis operationalises these design principles through 

two artefacts: the External Market Brief and the Demand Pressure Map. At this stage, they 

are introduced as design targets rather than fully specified constructs. The External Market 

Brief represents the need to structure external market intelligence for the process, while the 

Demand Pressure Map represents the need to translate external readings into product-group 

and end-use-level planning discussion.  

This conceptual logic also defines the boundaries of the thesis. The framework developed in 

this thesis is not intended to reconstruct true end-market demand, replace customer 

intelligence, or produce automated volume forecasts. Instead, it supports tactical market 

sensing by comparing internal planning assumptions with structured external market 

evidence. Its contribution lies in strengthening the organisation’s ability to interpret demand 

pressure before market changes are fully visible in internal orders. 

Figure 2 summarises the conceptual logic developed in this chapter. It should be read as a 

three-stage synthesis: the theoretical foundations established in Sections 2.1–2.4, the six 

design principles derived from them and summarised in Table 2, and the resulting framework 

design direction. The figure illustrates how the literature review translates into a structured 

external-comparison logic for interpreting tactical S&OP demand pressure. 

 

Figure 2. Conceptual logic of tactical market sensing 
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3  Research Methodology 

This chapter explains the methodological choices made in developing and evaluating the 

driver-based market-sensing framework. It outlines the mixed-methods single-case design, 

the constructive research approach, the qualitative and quantitative data collection, and the 

analytical procedures used to connect stakeholder insights, external indicator analysis and 

framework validation. 

3.1  Research approach and design 

The study is grounded in pragmatism as its philosophical stance. Pragmatism treats 

knowledge in terms of its practical consequences and holds that methods should be selected 

according to the research problem rather than a single methodological tradition (Cameron et 

al., 2015; Lehtiranta et al., 2016). This is appropriate because the thesis combines 

quantitative analysis of external indicator–demand relationships with qualitative 

investigation of organisational process dynamics, decision constraints, and framework 

usability. A purely quantitative design would not capture the process conditions under which 

the framework must operate, while a purely qualitative design would not establish whether 

public external indicators contain usable directional information. 

The overarching methodology is constructive research. Constructive research aims to solve 

a practically relevant problem by developing a theoretically grounded construction, such as 

a model, framework, process, or tool (Kasanen et al., 1993). The construction developed in 

this thesis is a driver-based market-sensing framework consisting of two operational 

artefacts: the External Market Brief and the Demand Pressure Map. These artefacts are 

designed for use within the case company’s existing planning environment. 

The empirical design is a mixed-methods single-case study. The case is the demand planning 

process for one focal product segment within the case company. It is bounded by the product 

scope, European geography, the tactical planning horizon for the monthly S&OP process, 

and the demand-planning context of the focal product segment. Within this broader tactical 

horizon, the quantitative analysis evaluates h+3 and h+6 as the primary framework horizons, 

while h+9 is retained as a separate outer-boundary assessment and h+1 as a diagnostic short-
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horizon comparison. In this notation, h+k refers to a planning horizon k months ahead of the 

reference month. These boundaries are necessary because the study aims to develop and 

evaluate a framework for a specific planning problem rather than a universal forecasting 

model. 

The mixed-methods design follows a sequential qualitative–quantitative–qualitative logic 

(Cameron et al., 2015; Golicic & Davis, 2012). The initial qualitative phase establishes the 

current planning context, information-flow structure, and decision constraints. The 

quantitative phase evaluates whether public external indicators provide usable directional 

information on the development of internal demand. The final qualitative phase assesses the 

resulting framework against practitioner criteria of relevance, feasibility, and usability. The 

phases are therefore sequentially connected: practitioner insight shapes the analytical 

problem, quantitative analysis informs the construction, and practitioner judgement validates 

the framework’s practical fit. The logic and progression of the procedure are visualised in 

Figure 3.  

 

Figure 3. Research design and mixed-methods sequence 
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3.2  Constructive research approach 

Constructive research is appropriate for this study for three reasons. First, the practical 

problem is important: the current planning process lacks a structured mechanism to 

incorporate external market intelligence into tactical demand planning, even though vital 

commercial and operational decisions are made within that horizon. Second, the objective is 

constructive rather than merely explanatory: the thesis not only describes demand-signal 

distortion or identifies external indicators but also translates the findings into an operational 

framework. Third, the value of the framework cannot be assessed by statistical performance 

alone, because it must also be relevant, understandable, and compatible with the planning 

process for which it is intended. 

The constructive research process is commonly described through six phases: identifying a 

practically relevant problem, obtaining pre-understanding, designing the construct, 

demonstrating feasibility, linking the construct to theory, and examining its scope of 

applicability (Kasanen et al., 1993; Oyegoke, 2011). These phases guide the thesis’s research 

design: the study diagnoses a practical planning problem, builds theoretical and empirical 

pre-understanding, develops the market-sensing framework, evaluates its practical 

feasibility through stakeholder feedback, and discusses its theoretical contribution and scope 

of applicability. 

The study follows abductive reasoning. It does not test a single fixed hypothesis, nor does it 

derive the framework only from empirical observation. Instead, it moves between theory and 

evidence. The theoretical framework informs the planning concepts, analytical horizon, and 

design requirements, while empirical findings from interviews and indicator analysis refine 

the interpretation of the problem and the framework's final form. This iterative movement 

between theory and empirical evidence is characteristic of abductive constructive research 

in management contexts (Dubois & Gadde, 2002; Lehtiranta et al., 2016). 

The validation strategy follows the market-test logic proposed by Kasanen et al. (1993). The 

weak market test asks whether responsible practitioners consider the construct sufficiently 

useful and viable for practical application. The semi-strong and strong market tests require 

broader adoption and measurable performance effects over time. Because this thesis does 

not include live implementation across multiple planning cycles, the weak market test is the 
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appropriate validation level. It is operationalised through stakeholder assessment of the 

framework’s relevance, feasibility, and fit with the existing planning process. 

3.3  Data collection and analysis 

The study combines qualitative and quantitative evidence, in line with the mixed-methods 

design outlined above. The qualitative component provides process-level understanding, 

practitioner interpretation, and framework validation. The quantitative component evaluates 

whether public external indicators contain directional information relevant to the tactical 

planning horizon. The two sections are integrated throughout the research process. 

3.3.1  Qualitative data collection and analysis 

The interview sample was designed to cover the main perspectives through which demand 

signals are generated, interpreted, and converted into planning decisions. Commercial and 

sales roles provided insight into customer-facing market information, product line 

management contributed to segment and portfolio interpretation, and supply chain 

leadership provided perspective on capacity, allocation, and downstream planning 

consequences. The interviewed stakeholders are listed in Table 3 below. This cross-

functional coverage supports both the diagnostic purpose of sub-research question one and 

the practical validation required for sub-research question three. 

Table 3. Overview of stakeholder interviews 

Interview # Role Function Date Duration 

1 Head of Product and Sales Commercial 21.04.2026 70 min 

2 Head of Product Line Commercial 27.04.2026 70 min 

3a Head of Supply Chain Supply Chain 29.04.2026 50 min 

3b Head of Supply Chain Supply Chain 30.04.2026 45 min 

4 Key Account Manager Commercial 05.05.2026 75 min 

5 Regional Sales Director Commercial 12.05.2026 60 min 

6 Regional Sales Director Commercial 19.05.2026 70 min 
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The interviews were semi-structured to balance comparability across respondents with 

flexibility to explore role-specific issues and emerging findings (Galletta, 2013). The 

interview guides were developed from the literature review, the research questions, and the 

case company’s planning context. The questions focused on current planning practices, 

information sources, visibility limitations, external market intelligence, and the potential 

usability of the proposed framework. Guiding themes were shared with participants in 

advance to allow informed reflection, while the semi-structured format allowed follow-up 

questions and probing during the interviews. The interview guide is included in Appendix 

1. 

The interview process was iterative. Themes emerging from earlier interviews were used to 

refine follow-up questions and to test preliminary interpretations in later discussions. The 

objective was not to collect isolated accounts, but to build an increasingly precise 

understanding of the planning process, information flows, and decision constraints through 

successive interviews. Sessions lasted approximately 45 to 75 minutes and were conducted 

in Finnish or English, depending on the interviewee’s preference. Finnish interview material 

was transcribed and translated for analysis. 

In addition to the formal semi-structured interviews, the thesis was supported by informal 

contextual consultations with the company supervisor, the Head of Master Planning, and a 

Demand Planner. These discussions occurred throughout the thesis process and focused on 

clarifying planning terminology, data definitions, process logic, indicator availability, and 

the practical feasibility of the proposed framework. They were not conducted as formal 

interviews, were not transcribed or coded as primary empirical data, and are therefore not 

included in the interview table or quoted as interview evidence. Instead, they served as 

contextual checks to help ensure that the empirical analysis and framework artefacts were 

interpreted in ways compatible with the organisation’s planning routines. 

The interview material was analysed through thematic synthesis. The analysis focused on 

recurring process features, cross-functional areas of agreement, and role-specific 

differences. This allowed the thesis to distinguish findings that reflected broader process 

characteristics from observations specific to an individual role. For sub-research question 

one, the qualitative section provides evidence on the current S&OP process, information 

delays, and the limitations of existing planning signals. For sub-research question two, it 

contextualises the external indicator analysis by identifying market information that 
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practitioners consider relevant. For sub-research question three, it provides weak market-test 

evidence through a stakeholder assessment of the proposed framework. 

3.3.2  Quantitative data collection and analysis 

The quantitative section examines whether public external indicators provide stable leading 

information about internal demand dynamics over the 3–12-month tactical horizon. The 

purpose is not to estimate exact future volumes, but to assess whether external indicators can 

support directional interpretation of demand pressure in selected internal planning cells. The 

internal demand data comprises a monthly order series spanning January 2019 to December 

2025 for the focal product segment, product-group totals, and selected product-group × end-

use cells. The analysis is restricted to the European market and to the one product segment 

relevant to the case company’s planning process. 

The internal demand data also contains end-use classifications, which are planning-relevant 

because they reflect how the case company monitors demand. The analysis groups this 

demand into five main end-use segments: beverage multipacks, dry food and other food, 

frozen and chilled food, chocolate and confectionery, and other general packaging. 

Remaining smaller end-use categories are combined into a separate residual others group 

rather than folded into other general packaging, keeping the split consistent with internal 

planning. However, the end-use classification should not be interpreted as a perfectly 

verified observation of final end-market consumption. Some customers may purchase 

material for several applications, some orders may be classified under broader or more 

general use categories, and the final converted application may differ from the initial 

commercial classification. The end-use split therefore contains a degree of classification 

uncertainty. 

This limitation does not invalidate the end-use analysis because the classifications reflect the 

structure used in internal planning and commercial discussions. However, this means that 

product group × end-use results should be interpreted as directional planning signals rather 

than precise measurements of final-consumer application demand. Classification uncertainty 

may weaken observed relationships between external indicators and internal demand cells, 

especially in heterogeneous categories such as other general packaging. 
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The internal monthly series and the European Product Segment 1 market-volume proxy are 

seasonally adjusted and decomposed using JDemetra+ RSAfull, implementing X-

13ARIMA-SEATS. This procedure produces trend-cycle, seasonally adjusted, seasonal, and 

irregular components. JDemetra+ is therefore used to process internal data, not as a data 

source. The primary evaluative target is the year-on-year percentage change of the seasonally 

adjusted component. This target removes seasonal effects while preserving sufficient month-

to-month directional variation for turning-point evaluation. The trend-cycle component is 

retained for descriptive and visual interpretation, but it is not used as the principal target for 

evaluating directional accuracy because preliminary diagnostics indicated it was too smooth 

for meaningful directional testing. 

The external dataset begins with 187 monthly indicator series drawn from public sources, 

including Eurostat, the European Commission’s business and consumer survey programme, 

CEPI, FAO, and other publicly available macroeconomic or industry data providers. The 

indicators cover consumer sentiment, retail activity, industrial production, price 

developments, trade flows, industry operating conditions, and broader macro-financial 

conditions. 

Indicator transformations are applied before modelling. Level series, such as price indices, 

production indices, and trade values, are converted to year-on-year percentage changes: 

𝑥𝑖,𝑡
𝑌 𝑜𝑌 = 100 × (

𝑥𝑖,𝑡

𝑥𝑖,𝑡−12
− 1) 

where 𝑥𝑖,𝑡 is the value of indicator i in month t. Balance and diffusion indicators, including 

consumer confidence and business survey series, were transformed into twelve-month 

differences: 

𝑥𝑖,𝑡
∆12 = 𝑥𝑖,𝑡 − 𝑥𝑖,𝑡−12 

These transformations make indicator movements more comparable over time and reduce 

the risk that observed relationships are driven by shared trends rather than meaningful 

directional co-movement. Transformation choices are determined during the screening phase 

and then applied consistently in the out-of-sample evaluation. Test-period observations are 

not used to choose transformations, lag structures, or indicator panels. 
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3.3.3  Quantitative analytical procedure 

The analytical procedure proceeds in eight stages. First, internal and external data are 

cleaned, aligned to a monthly frequency, and filtered to match the case scope. Second, 

diagnostic analysis is conducted on the internal series to characterise segment structure, 

demand behaviour, and anomalies relevant to sub-research question one. Third, the internal 

series are seasonally adjusted, and the seasonally adjusted year-on-year percentage change 

is defined as the primary target for evaluating external indicators. 

Fourth, the external indicator panel is classified through a lag screen from -3 to +12 months. 

Negative lags are included to identify indicators that follow internal demand rather than lead 

it. Positive lags capture the tactical sensing window relevant to the thesis. This stage 

produces the leading, coincident, and lagging signal classes used in Chapter five. Fifth, 

regime-conditional stability analysis is used to assess whether indicator–demand 

relationships remain directionally meaningful across materially different operating 

environments. The purpose is not only to identify high correlations, but to evaluate whether 

promising indicators retain interpretable directional content under current planning 

conditions. This is important because relationships that appear strong over a long historical 

window may not remain operationally useful after structural breaks. 

Sixth, horizon-specific frozen indicator panels are constructed. The primary panel-

construction rule requires a sufficient pre-evaluation relationship, a strictly positive lead, 

publication availability for the relevant horizon, and concept-level deduplication. 

Publication timing is included because a statistical lead is only useful if the indicator is 

available early enough for planning. Indicator concepts and lags are frozen before realised 

walk-forward scoring. Seventh, walk-forward backtesting is used to assess whether external 

indicators provide directional value at selected planning horizons. The walk-forward 

procedure uses an expanding-window design with model refitting at defined intervals and 

out-of-sample testing over 2024–2025. The evaluated horizons are (h+1), (h+3), (h+6), and 

(h+9). The one-month horizon serves as a short-term check. The h+3 and h+6 horizons form 

the primary tactical framework horizons and are the only horizons eligible for final signal-

usability classification. The h+9 horizon is evaluated separately as an outer tactical boundary 

assessment and excluded from final tier counts. 
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ElasticNetCV is used as the primary regularised model because it supports feature selection 

under high-dimensional indicator conditions and provides an interpretable basis for linking 

external indicators to demand-pressure signals. XGBoost is used as a complementary non-

linear specification to assess whether external-indicator content remains useful under a more 

flexible modelling assumption. The purpose of using both specifications is not to select the 

best-performing model retrospectively, but to distinguish between interpretable model-

supported evidence and complementary advisory evidence. The models therefore function 

as analytical instruments for evaluating whether public external indicators provide usable 

directional information for tactical planning, rather than as automated forecasting systems. 

The primary evaluation metric is directional accuracy. This is appropriate because the 

practical aim of the framework is to support tactical sensing of whether demand pressure is 

strengthening, weakening, or remaining broadly stable. The benchmark model is directional 

persistence. Persistence assumes that the next directional movement follows the previous 

observed direction: 

𝑠𝑖𝑔𝑛(ŷ𝑡
𝑝𝑒𝑟𝑠) = 𝑠𝑖𝑔𝑛(𝑦𝑡−1) 

𝐷𝐴 =
1

𝑁
∑ 𝐼[𝑠𝑖𝑔𝑛(𝑦𝑡̂

𝑁

𝑡=1

) = 𝑠𝑖𝑔𝑛(𝑦𝑡)] 

where (DA) is directional accuracy, 𝑦𝑡̂ is the predicted value or direction, 𝑦𝑡is the realised 

value, and I [⋅] is an indicator function equal to one if the predicted and realised signs match, 

and zero otherwise. 

Because the value of tactical planning often depends on detecting changes in direction rather 

than confirming continuation, turning-point directional accuracy is also evaluated. Turning 

points are defined as months in which the sign of the realised seasonally adjusted year-on-

year demand change differs from the previous month: 

𝑇𝑃 = {𝑡 ∶ 𝑠𝑖𝑔𝑛(𝑦𝑡) ≠ 𝑠𝑖𝑔𝑛(𝑦𝑡−1)} 

Turning-point directional accuracy is then defined as: 

𝑇𝑃𝐷𝐴 =
1

𝑁𝑇𝑃
∑ 𝐼[𝑠𝑖𝑔𝑛(𝑦̂𝑡) = 𝑠𝑖𝑔𝑛(𝑦𝑡)]

𝑡∈𝑇𝑃
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where (N_{TP}) is the number of turning-point observations. The gain over persistence is 

calculated as: 

𝐺𝑎𝑖𝑛ℎ = 𝐷𝐴ℎ
𝑚𝑜𝑑𝑒𝑙 − 𝐷𝐴ℎ

𝑝𝑒𝑟𝑠
 

where 𝐺𝑎𝑖𝑛ℎ is the percentage-point gain at horizon (h), 𝐷𝐴ℎ
𝑚𝑜𝑑𝑒𝑙 is the model’s directional 

accuracy at horizon (h), and 𝐷𝐴ℎ
𝑝𝑒𝑟𝑠

 is the persistence benchmark’s directional accuracy at 

the same horizon. 

Eighth, the walk-forward results are combined with stability evidence to produce a signal-

usability classification. The primary stability assessment is conditional coefficient-retention 

stability within the frozen indicator panel, using only pre-evaluation data. This assessment 

evaluates whether the indicator concepts supporting a cell are repeatedly retained under 

resampling. Under the final classification logic, Tier A denotes model-supported external 

directional evidence for a strict-core internal target at a primary tactical horizon. Tier A 

requires support at h+3 or h+6, ElasticNetCV gain over persistence of at least 10 percentage 

points, positive turning-point directional accuracy as a minimum plausibility check, at least 

three conditionally stable and interpretable indicator concepts, and no unresolved scope or 

data-quality exclusion. A target that satisfies the Tier A criteria but lacks an adequate pre-

disruption reference history for full regime-conditional stability assessment is denoted Tier 

A*, signalling model-supported directional evidence with a data-history caveat. Tier B 

denotes advisory external signal evidence requiring commercial corroboration. Tier C 

represents weak or inconsistent evidence suitable only for monitoring. Tier D indicates that 

no meaningful model-supported external directional signal is identified under the applied 

specification. 

The final output of the quantitative procedure is a signal-usability decision matrix that 

distinguishes model-supported, advisory and unsupported external-signal content by internal 

planning cell and horizon. This matrix provides the analytical input for the framework 

developed in Chapter six. The procedure is consistent with the view that, in tactical and 

capacity-sensitive planning contexts, directional usefulness and timely identification of 

pressure changes may be more decision-relevant than minimising point-forecast error alone 

(Blaskowitz & Herwartz, 2011; Sagaert et al., 2018; Sagaert & Kourentzes, 2025). 
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3.4  Validation and Reliability 

The quality of the study is assessed in relation to both constructive research and mixed-

methods design. Practical validity is addressed through the weak market test. The framework 

is evaluated as a construction intended for use in an actual planning environment. 

Stakeholder assessment of its relevance, feasibility, and fit with the existing planning process 

provides the appropriate level of practical validation for a constructive master’s thesis 

without live implementation over multiple planning cycles (Kasanen et al., 1993; Lukka, 

2000). This does not establish a measured performance improvement, but it does indicate 

whether responsible practitioners consider the construction to be potentially usable. 

Theoretical validity is addressed through explicit grounding in Chapter two. The framework 

is not derived ad hoc from practitioner preference. Its process integration follows from 

S&OP and IBP literature; its use of external market information follows from tactical 

demand planning and external indicator literature; its end-use orientation follows from the 

limitations of aggregate internal demand views; and its regime-aware interpretation follows 

from literature on structural breaks and dynamic planning environments. 

Construct validity concerns whether the empirical measures are suitable for the constructs 

they represent. The selected demand basis was used to approximate the timing of customer-

requested demand more closely than invoicing data alone would permit. The use of 

seasonally adjusted year-on-year percentage change reflects the thesis’s focus on directional 

movement in demand rather than raw monthly volatility or exact shipment volume. The use 

of directional accuracy, turning-point directional accuracy, and gain over persistence reflects 

the planning construct that the framework is intended to support: tactical directional 

judgement rather than point-estimate optimisation. The signal usability classification further 

strengthens construct validity by distinguishing between statistical performance and 

practical planning. A further construct-validity limitation concerns end-use classification. 

The thesis uses the case company’s internal end-use categories because they are available 

for planning and commercial interpretation. However, the categories may contain 

classification noise when customers purchase material for multiple applications, when orders 

are assigned to general-use categories, or when the final downstream application is not fully 

visible to the upstream producer. This means the analysis cannot reliably measure final end-

consumer demand. 
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Reliability and credibility are supported by transparency in the research process. The case is 

clearly bounded, the interview sample is purposive and justified, the sequence of qualitative 

and quantitative phases is documented, and the principal analytical choices are described. 

On the qualitative side, thematic synthesis across multiple functions reduces the risk of 

building the framework on a single-function interpretation. On the quantitative side, lag 

screening, regime-conditional analysis, walk-forward testing, and conditional coefficient-

retention stability assessment reduce the risk that apparent signal usefulness is based solely 

on in-sample correlations, unstable feature selection, or relationships that no longer hold 

under current conditions. 

The study has five main limitations. First, it is based on a single case, which limits direct 

generalisation of the specific indicator set, model configuration, or framework calibration. 

What is transferable is the design logic, not the exact output. Second, the post-stabilisation 

estimation window is relatively short, which constrains the stability of quantitative results 

and limits claims about long-run directional performance. Third, the internal demand series 

remains partly censored during capacity-constrained periods because observed volumes 

reflect realised orders and supply conditions rather than fully unconstrained end-market 

demand. Fourth, the timing of public indicator releases constrains what can realistically be 

incorporated into the monthly planning cycle. Fifth, the interview evidence reflects the views 

of senior stakeholders in one organisational context. These accounts are appropriate for 

constructive validation but not for statistical generalisability. 

Reporting of the mixed-methods design is guided by the GRAMMS framework for good 

reporting of mixed-methods studies (Cameron et al., 2015). The chapter, therefore, makes 

explicit why mixed methods are used, how the design is sequenced, how the sections are 

integrated, how sampling and analysis are conducted, and what limitations attach to the 

design. This transparency is important because the thesis's contribution depends not only on 

the proposed framework but also on the credibility of the process by which it is constructed. 
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4  Current state and diagnostic analysis 

This chapter diagnoses the current demand-planning context in the case company and 

identifies the main limitations that create the opportunity for a structured market-sensing 

framework. It examines how information flows through the S&OP process, why internal 

demand signals become backwards-looking or distorted, how forward visibility weakens, 

and what design requirements follow from the planning environment. 

4.1  S&OP Process and Information Flows 

The case company’s demand planning process operates within a recurring monthly S&OP 

cycle. The monthly rhythm is structured as a rolling cycle: demand planning takes place in 

weeks 1–2, followed by supply planning and demand–supply balancing in weeks 3–4, after 

which the rolling forecast is aligned and reviewed at the business-area level. The demand 

planning phase, therefore, functions as the first formal input into the broader planning cycle. 

Sales managers and demand planners update the demand plan, after which the output is used 

by supply planning, production planning, logistics planning, converting network planning, 

and financial forecasting. The purpose of this section is not to audit the whole S&OP process, 

but to examine how information enters the cycle, how it is transformed, and where its 

usefulness weakens at the tactical horizon relevant to this thesis. Figure 4 summarises the 

monthly information flow and locates the tactical sensing gap addressed in this chapter. 
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Figure 4. Current monthly S&OP information flow and tactical sensing gap 

The current process provides an established and operationally useful structure for short-term 

coordination. It incorporates customer conversations, sales input, order inflow, historical run 

rates, and monthly forecast updates. These inputs are valuable because they help the 

organisation coordinate delivery planning, production scheduling, and short-term demand 

adjustment. Interview evidence confirms that the process begins from the commercial side, 

where sales managers work together with demand planners to create and update demand 

forecasts. However, the same interviewee also explained why the rolling monthly process is 

needed: the annual budget is prepared months in advance, and “by the time we freeze the 

budget for the upcoming year, the world has changed already” (Interview #1). 

The process is therefore not weak because it lacks planning activity. On the contrary, it has 

a clear monthly rhythm and several established inputs. The limitation is that the reliability 

of these inputs changes by horizon. Interview #1 described the short-term planning window 

as relatively functional, noting that “on a forecast accuracy on a monthly basis, they’re pretty 

good.” The limitation begins when the planning horizon extends beyond near-term customer 

visibility. The same interviewee continued: “But we need it for the machine side, of course, 

more like three to six months” (Interview #1). This captures the central horizon mismatch: 

the process supports short-term operational execution, but supply-side and commercial 
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decisions require earlier visibility than customer orders and monthly updates can reliably 

provide. 

This interpretation is supported by other interviews. Interview #2 similarly indicated that 

decisions with genuine operational impact require a longer lead time than the near-term 

customer horizon allows, especially for machine allocation, capacity balancing, curtailment 

preparation, and commercial positioning. Interview #5 added a related regional sales 

perspective: the internal forecast and unconstrained market demand are not the same 

concept, because capacity constraints, product availability, and customer behaviour can shift 

demand across product segments or delay its appearance in the order book. This reinforces 

that the issue is not simply forecast accuracy, but the difference between internal planning 

numbers and the broader demand pressure the organisation is trying to understand. 

The mismatch is commercially important because several decisions with major operational 

and financial consequences must be made before demand is fully visible in the order book. 

Capacity allocation, mill loading, curtailment preparation, product-group prioritisation, 

inventory positioning, and commercial actions all require a forward-looking view at the 

tactical horizon. Planning literature similarly positions S&OP as a medium-term process 

intended to align demand, supply, and resources before operational constraints become 

binding (Pereira et al., 2020; Sagaert et al., 2019). For the company, this need takes practical 

form: the upcoming quarter and seasonal demand must be assessed early enough to 

determine whether curtailments, capacity adjustments, or commercial actions may be 

required. However, Interview #1 also noted that the process still involves “a lot of adjusting” 

because “the data is only giving part of the picture” and remains “very much looking 

backwards”. 

External market information already exists within the organisation, but it is not 

systematically converted into a recurring input for tactical planning. Interview #1 described 

the current external view as a mixture of business intelligence, strategy input, customer 

discussions, external studies, economic conditions, retail trends, consumer spending, market 

share developments, and overall board consumption data. These sources are relevant, but 

their use remains fragmented. Sales input remains partly dependent on the forward visibility 

available to customers themselves. As Interview #1 explained, “if customers say, I don’t 

have visibility, that’s what you see in the planning.” External studies and market reports may 

provide useful strategic direction, but they often focus on broader market development over 
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a 3- to 5-year horizon. As a result, they are less directly applicable to 3- to 12-month tactical 

planning. Some market information is also available mainly at the business area or strategy 

level, meaning it is not always in the format needed by those participating in the monthly 

demand planning process. 

Interview #2 supports the same conclusion from the product-line perspective. External and 

macro-level indicators are not absent from the organisation, but they are used more often to 

explain demand movements afterwards or to support broader market understanding than as 

a standardised input for operational demand decisions. This distinction is important. The 

problem is not a lack of awareness; it is the absence of a recurring process instrument that 

converts external market information into a usable planning input before the demand 

position is settled. This creates a gap between information availability and planning 

usability, consistent with research showing that uncertainty-related inputs in S&OP often 

remain fragmented when not embedded in standard planning routines (Fakhry et al., 2025). 

Interview #6 adds an important regional commercial perspective to this diagnosis. From a 

regional sales perspective, salespeople are close to customers, which is valuable for customer 

intimacy but does not automatically yield a reliable forward-looking view of the market. The 

same interviewee indicated that market trends would be valuable not only for demand 

planning but also for sales, because they would help the organisation “know where to steer” 

rather than continue “shooting a lot from the hip” (Interview #6). This supports the process-

integration argument: external market sensing should not be introduced as a top-down 

reporting layer, but as a shared comparison mechanism that helps sales, demand planning, 

and product-line stakeholders interpret customer information together. 

The interviews also show that any market-sensing framework must be integrated into the 

existing process rather than introduced as a separate parallel tool. When the idea of using 

external indicators as directional guidance was discussed, Interview #1 responded positively, 

specifically because the intention was not to create “additional tools somewhere,” but to 

integrate the insight into what already exists. This point is important for adoption. The case 

company already has a monthly planning cadence, internal demand systems, business 

intelligence resources, and cross-functional review forums. The development need is 

therefore not a new planning process, but a structured external comparison layer that fits into 

the current rhythm and strengthens the Demand Review before the demand position is 

transferred downstream to supply planning, financial forecasting, and business-area review. 
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A further constraint concerns the organisational legitimacy of plan revisions. Demand-plan 

modifications require factual grounding. Market sentiment alone is often insufficient to 

justify lowering the planning number, especially when budget commitments, machine 

utilisation, and volume targets create pressure to maintain demand assumptions. Interview 

#1 described this issue in relation to budgeting: volume targets and mill-utilisation 

considerations can create upward pressure on sales forecasts, even when the underlying 

demand view is more cautious. If market demand later develops below the planned level, the 

demand plan may then be adjusted downward gradually during the year. Interview #2 

confirmed the same condition on the product-line side: downward adjustments cannot be 

based solely on market sentiment but must be supported by factual or technical evidence 

explaining why the planning number should be reduced. This does not mean that the 

organisation ignores market conditions. Rather, it shows that the process requires evidence 

strong enough to justify changes to the plan. 

This evidential requirement is understandable because it protects the organisation from 

overreacting to weak or anecdotal signals. However, it also creates a tactical delay. If 

demand is softening, the organisation may need to prepare curtailment, capacity adjustment, 

commercial action, or customer prioritisation before the order book provides definitive 

evidence. If the process waits for hard internal confirmation, the opportunity to respond 

proactively may narrow. External indicators can therefore add value by providing a 

structured reference point for testing whether internal demand assumptions remain 

consistent with broader market conditions. They do not replace commercial judgement but 

can discipline it by making the discussion more transparent and evidence-based (Brau et al., 

2023; Fildes et al., 2025). 

Overall, the current S&OP process is functional, especially for short-term coordination. It 

has valuable internal data, customer input, sales judgement, business intelligence, and cross-

functional planning routines. The main limitation is process integration: external signals are 

not yet systematically translated into a recurring planning object that can support demand-

plan challenge, end-use discussion, and cross-functional interpretation at the 3–12-month 

horizon. 
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4.2  Internal Data Availability and the Limits of Backwards-Looking Signals 

The case company has detailed internal demand data. Historical and current information can 

be observed at the product-group, customer, and end-use segment levels. The internal 

systems contain end-use classifications such as beverage multipacks, dry food and other 

food, frozen and chilled food, chocolate and confectionery, and other general packaging. 

These data are commercially meaningful because they allow planners to understand what 

has happened, how recent demand has developed, and how different end-use categories have 

contributed to the product-group total. The diagnostic issue is therefore not a lack of internal 

data granularity. 

The limitation is that internal demand data are primarily backwards-looking or current-state 

oriented. They describe realised orders, order inflow, requested delivery timing, and 

demand-plan assumptions generated within the organisation. These views serve different 

purposes and should be interpreted as complementary bases for internal demand rather than 

as interchangeable measures of market demand. Order inflow provides insight into order 

commitment and short-term momentum. Requested delivery timing is closer to when 

demand is expected to materialise operationally. Invoicing records primarily reflect financial 

and execution outcomes. The current demand plan, in turn, provides an internally generated 

forecast based on customer input, historical patterns, and managerial judgement. 

The relevant analytical question is whether one internal demand basis provides a clearer 

relationship with external market indicators than another. In the current-state diagnosis, the 

more important point is that all internal date bases remain internal signals. They are 

generated after demand has already moved through customers, converters, merchants, and 

the case company’s own planning and fulfilment processes. They do not independently 

reveal future end-market direction, particularly when market shifts weaken the continuity 

between past and future demand behaviour. 

The internal signal is also mediated by the value chain's structure. The case company sells 

primarily through converters and merchants rather than directly to final consumers. 

Converter ordering behaviour reflects not only brand-owner consumption, but also inventory 

policies, replenishment timing, availability expectations, and risk management. When 

converters expect tight supply, they may order earlier or in larger quantities than underlying 

consumption would justify. Conversely, when converters hold sufficient inventory or 
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anticipate weaker demand, they may pause orders even though end-market consumption has 

not declined to the same degree. These behaviours are rational from the converter’s 

perspective, but they distort the signal observed by the upstream producer. This is consistent 

with the bullwhip logic established by Lee et al. (1997), where upstream order signals 

become amplified and less representative of final consumption as they pass through 

intermediate supply-chain tiers. Similar mechanisms are discussed in more recent supply 

chain literature on inflated ordering and upstream exposure to demand distortion (Saib & 

Salahddine, 2022; Ulrich et al., 2025). 

Interview evidence supports this interpretation. Interview #1 described converter planning 

as uneven: some large customers provide useful visibility, but many converters themselves 

do not receive clear forecasts from brand owners and are therefore also “guessing.” The same 

interviewee noted that order increases may reflect real demand, a new project, stock-

building, or uncertainty buffers, and therefore require interpretation rather than direct 

acceptance as true market growth. This confirms that customer and converter input remains 

essential, but also that it cannot be treated as a direct reading of end-consumer demand. 

Interview #6 adds a complementary regional sales perspective to this limitation. The 

interviewee emphasised that salespeople are primarily oriented toward serving customer 

needs and securing delivery, which is commercially necessary but does not always provide 

the structured forward-looking view required for demand planning. This means that the 

internal forecast can be shaped not only by customer uncertainty but also by how customer 

requests are interpreted and prioritised through the sales interface. The implication is not that 

sales input is unreliable, but that it requires a structured planning context in which customer 

information, demand-planning logic, and external market evidence can be discussed 

together. 

Supply-side conditions further shape what the internal volume record can show. In capital-

intensive process industries, observed fulfilment and invoiced volumes can reflect the 

interaction between demand and available production capacity (Noroozi & Wikner, 2017). 

During constrained periods, the recorded volume may represent what could be supplied 

rather than what the market would have demanded without constraint. Interview evidence 

indicates that recent periods of tight supply required capacity allocation and product-group 

prioritisation. Consequently, realised volumes during constrained periods may reflect 

internal allocation and commercial prioritisation decisions rather than pure end-market 
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consumption. The result is a partially censored internal signal: even at the end-use segment 

level, observed data is not a direct reading of unconstrained final market demand. 

This does not mean that internal data is poor or unimportant. On the contrary, it remains 

essential for operational control, customer planning, financial follow-up, and short-term 

execution. It also provides a historical basis for identifying segment structure and evaluating 

relationships among external indicators. The limitation is narrower and more precise: 

internal data alone cannot provide the forward-looking external view required for tactical 

market sensing. It shows how Product Segment 1 has behaved across Product Groups A, B, 

and C and across end-use segments, but it does not explain which external market conditions 

are likely to move those segments over the next 3 to 12 months. This is consistent with 

tactical planning literature, which emphasises the need for forward-looking information 

when capacity-related decisions must be made several months before demand is fully visible 

in orders (Sagaert et al., 2019). 

The internal signal, therefore, remains necessary but insufficient. It is necessary because any 

market-sensing framework must be anchored in the case company's actual demand 

environment. It is insufficient because, in uncertain and changing market conditions, internal 

historical movement cannot reliably identify future turning points before they appear in 

orders. This creates the need for external macroeconomic and market indicators that observe 

demand conditions closer to their economic source, before those conditions are filtered 

through converter behaviour, order timing, capacity constraints, and internal planning 

adjustments (Sagaert et al., 2018; Verstraete et al., 2020). 

4.3  The Forward-Looking Gap at End-Use Segment Level 

The most important planning gap is located at the intersection of end-use specificity and 

forward-looking visibility. Product Segment 1 serves several end-use segments that do not 

necessarily move together. Beverage multipacks, dry food and other food, frozen and chilled 

food, chocolate and confectionery, and other general packaging are subject to different 

consumer behaviours, price sensitivities, seasonal patterns, and retail dynamics. For this 

reason, a forward-looking signal that is useful for one end-use segment may not be equally 

useful for another. Tactical sensing must therefore operate at the end-use level rather than 

only at the aggregated product-group level. 
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The current internal system can show these end-use segments historically. It can identify 

which segments have grown, softened, or remained stable in recent months. This information 

is valuable for explaining recent performance and for supporting customer-level discussion. 

However, it is not the same as a forward-looking market signal. A historical end-use 

movement indicates that a segment has already changed; it does not reveal whether the 

movement is likely to continue, reverse, or intensify. The current demand plan provides a 

forward number, but it is internally generated from customer input, historical patterns, and 

managerial judgement. It is not a market-grounded external signal. 

This is where external indicators become relevant. Consumer confidence, retail activity, food 

and beverage production, price pressure, inventory conditions, and broader macro-financial 

indicators may contain information about end-use demand before that information appears 

in converter orders. However, these indicators must be mapped to the correct end-use 

segment to be useful (Sagaert et al., 2018). A general market indicator correlated with total 

demand in Product Segment 1 may be too broad to explain movements in a specific end-use 

category. If one end-use segment is strengthening while another is weakening, the aggregate 

product-group view may remain stable even though commercially meaningful movements 

are occurring beneath it. This is the limited role of aggregation in the current diagnosis: it 

explains why aggregate-level sensing is insufficient, but it is not the primary problem. The 

primary problem is the absence of a structured forward-looking external signal at the end-

use level. 

Interviews also supported this conclusion. Interviewees confirmed that sales teams, account 

managers, and product-line stakeholders monitor end-use developments, including changes 

in packaging sizes, consumer preferences, customer projects, and category-specific shifts. 

However, this visibility is heavily dependent on short-term customer contact. Several 

respondents noted that important downstream events, such as brand-owner product launches 

or promotional campaigns, may not become visible to the case company until the converter 

places an order. Customer intimacy, therefore, provides valuable near-term insights, but it 

does not systematically address the forward-looking, segment-level information gap. 

Interview #6 supports this analysis by highlighting the need to connect customer-facing 

insight more directly with demand planning. The interviewee argued that demand planning 

becomes more meaningful when customers, sales, and demand planning interact together, 

rather than when sales acts as the only intermediary between customer information and 
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planning logic. This is relevant for end-use sensing because segment-level shifts often 

become visible through a combination of customer dialogue, category knowledge, and 

broader market trends. 

The interviews also illustrate why the management-level aggregate view alone is 

insufficient. Stakeholders described realistic situations in which one end-use category 

strengthens while another weakens, leaving the product-group total apparently stable. 

Interview #1 noted that some end-use movements are known in detail by product-line or 

sales stakeholders, but “you don’t see it in the big picture.” Interview #2 similarly confirmed 

that product-line knowledge includes a detailed understanding of where volume comes from 

across end-use categories, but that this knowledge is not systematically supported by external 

indicator evidence in the formal monthly planning process. The result is not an absence of 

insight, but a lack of structured conversion of segment-specific market signals into a 

planning object usable in the Demand Review. 

Interview #4 provides a concrete example of why aggregate stability can be misleading. For 

a major brand owner, annual tonnage may remain close to the expected total, while the 

distribution across specifications varies substantially. From a planning perspective, this 

means that aggregate volume can appear stable even though the operational and commercial 

implications are changing underneath. This supports the distinction between end-use 

visibility and end-use sensing: knowing the annual or product-group total is not sufficient if 

the mix, timing, and application structure are shifting. 

Interview #5 similarly supported the need for segment-specific external sensing from a 

regional sales perspective. The interviewee described value in analysing which external 

indices appear to correlate with demand, because packaging consumption is ultimately 

connected to end-consumer behaviour through segment-specific timing and lag structures. 

The same interview also highlighted the value of direct interaction between demand 

planners, salespeople, and customers, suggesting that the most effective planning setup is 

not a purely internal forecasting exercise but a connected dialogue between market-facing 

and planning roles. Interview #6 reinforced this point by arguing that stronger end-use 

expertise in areas such as beer and beverage, chocolate, and confectionery should be 

captured and shared more systematically across the organisation. 
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The planning implication is direct. A framework that merely monitors total volume for 

Product Segment 1 would reproduce the limitations of the existing management-level view. 

A framework that monitors external indicators only at a broad macroeconomic level would 

also be insufficient, because it would not explain which end-use segment is driving the 

directional movement. The useful object is instead a segment-level demand-pressure view: 

a directional reading that connects external market indicators to the specific end-use 

segments served by Product Groups A, B, and C. 

Stakeholder interviews further suggest that such a segment-specific view would be useful as 

a calibration tool in formal demand reviews. Interviewees described the need for an external 

reference point to challenge internal assumptions when market signals and internal forecasts 

diverge. In the framework validation discussion, Interview #3 described a cell-level 

comparison as valuable because it would allow the team to see where internal and external 

readings are aligned and where discussion is needed: “What we need to discuss is why we 

are diverging ... What’s happening?” (Interview #3). This illustrates the intended role of the 

later developed artefact. It is not an automatic decision rule, but a structured trigger for cross-

functional discussion. 

This reframing clarifies the role of the framework developed later in the thesis. Its purpose 

is not to create internal segment visibility from scratch. That visibility already exists. Its 

purpose is to add a forward-looking external layer to the existing segment structure. It takes 

the end-use categories already recognised within the business and connects them to external 

indicators that may provide earlier directional signals. In doing so, it helps planners 

challenge the anchoring effect of the current order book and demand plan with external 

evidence. This is the analytical bridge between the current-state diagnosis in this chapter and 

the external indicator analysis. 

4.4  Regime Change and Design Requirements for the Framework 

The need for forward-looking external sensing is strengthened by regime instability in the 

post-Covid operating environment. The planning environment faced by the case company is 

not merely uncertain in the abstract; it is characterised by shifting relationships among 

consumers, retailers, converters, merchants, and upstream producers. Inflation, destocking, 

altered inventory behaviour, changing customer visibility, geopolitical uncertainty, and 
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uneven recovery patterns mean that historical relationships may no longer provide stable 

guidance for future demand. This was reflected in the stakeholder interviews, where 

respondents described repeated disruptions and changing customer behaviour as making the 

planning environment more difficult to interpret. These observations should be treated as 

practitioners' perceptions of the current planning environment rather than as a separate 

macroeconomic measure. They nevertheless reinforce the same diagnostic point: in a volatile 

environment, internal historical data becomes less reliable as a basis for tactical extrapolation 

precisely when forward-looking planning becomes more important (Arora et al., 2025; 

Brandtner & Dakon, 2025). 

This does not imply that past data should be discarded. Historical internal data remains 

essential for understanding segment behaviour, seasonality, customer structure, and the 

baseline against which future signals are interpreted. The problem is that past internal data 

cannot, by itself, identify a new turning point before the market has already moved. The 

more unstable the operating environment becomes, the greater the need for indicators that 

observe external market conditions before those conditions are translated into converter 

orders and internal planning figures. This supports the theoretical argument developed in 

Chapter two: internal historical data and external market indicators solve different 

informational problems. 

Interview evidence suggests that the organisation already recognises the importance of early 

signals. The planning philosophy includes following up on early demand-change signals, 

and several respondents referred to the informal use of market information in commercial 

and product-line judgement. However, informal awareness is not the same as a structured 

planning input. Without a defined set of indicators, a consistent interpretation logic, and a 

recurring place in the planning process, external information remains dependent on 

individual judgement and does not consistently influence the formal Demand Review. This 

pattern is consistent with Fakhry et al. (2025), who find that uncertainty-related inputs in 

S&OP often remain fragmented rather than embedded into a unified planning framework. 

The framework developed in this thesis is therefore best understood as an instrument for 

operationalising an already recognised planning need. 

The regime-change context also constrains how external indicators should be used. Indicator 

relationships cannot be assumed to be stable across the full historical period. A variable that 

appeared to lead demand before Covid may no longer carry the same meaning after the 



59 

 

 

disruption (Bauwens et al., 2015). Similarly, an indicator that moves with total product 

demand may not provide a stable signal for a specific end-use segment. For this reason, 

Chapter five evaluates indicators not only by their apparent statistical association with 

demand but also by their lag structure, directional stability, and usefulness over the relevant 

planning horizon. The diagnostic finding of this chapter is therefore not simply that external 

data should be added. External data must be selected and interpreted with explicit attention 

to regime stability and planning relevance. Table 4 summarises the diagnostic findings from 

the chapter and links them to their planning implications. 

Table 4. Diagnostic evidence by theme 

Diagnostic finding Evidence from current state and 

interviews 

Planning implication 

The current process is 

functional at short 

horizons 

Monthly forecast accuracy and customer 

input are useful close to execution 

The current S&OP process 

should be complemented, not 

replaced 

Tactical visibility 

weakens beyond near-

term customer input 

Operations require visibility several months 

ahead, especially for capacity and 

curtailment decisions 

The framework must target 

the three-to-twelve-month 

tactical horizon 

Internal data is detailed 

but internally filtered 

Internal data and planning activities serve 

different purposes, but all remain internal 

signals 

Internal data needs an external 

comparison layer 

Converter and merchant 

behaviour distorts the 

order signal 

Orders may reflect stock-building, 

uncertainty buffers, project timing, or 

pauses rather than only final consumption 

External indicators can help 

interpret whether movement 

reflects market demand or 

intermediary behaviour 

End-use visibility exists 

but is not institutionalised 

as sensing 

Sales and product-line stakeholders 

understand end-use dynamics, but it is not 

structured 

The framework must operate 

at end-use segment level 

External information 

exists, but is fragmented 

BI, strategy, customer discussions, retail 

trends, and external studies are used 

inconsistently 

External signals must be 

converted into a recurring 

planning object 

Plan revisions require 

factual grounding 

Adjustments are difficult without evidence 

strong enough to justify the change 

The framework must support a 

transparent demand-plan 

challenge 

The operating regime is 

unstable 

Post-Covid demand patterns, inflation, 

inventory behaviour, and geopolitics reduce 

the reliability of historical continuation 

Indicator interpretation must 

be regime-aware 

The diagnostic findings lead to a set of case-specific design requirements for the market-

sensing framework. These requirements differ from the theoretical design principles 

developed in Chapter two. The theoretical principles define what a market-sensing 

framework should do in general, while the case-specific requirements define what the 
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framework must do to fit the planning environment diagnosed in this chapter. Table 5 

summarises these requirements. 

Table 5. Case-specific design requirements for the framework 

Design requirement Diagnostic basis Framework implication 

Fit the existing 

monthly S&OP 

rhythm 

The current process is functional and 

already has established planning 

forums 

The framework should enter the 

existing Demand Review rather than 

create a parallel planning process 

Provide an external 

comparison layer 

Internal data is detailed but 

backwards-looking, customer-filtered, 

and converter-mediated 

External indicators should be used to 

support or challenge internal demand 

assumptions 

Operate at end-use 

segment level 

Product-group totals can hide 

opposing movements across end-use 

applications 

The Demand Pressure Map should 

show demand pressure by product 

group and end-use segment 

Include an aggregate 

navigation layer 

Demand Review starts from 

aggregated product-segment and 

product-group views 

The Demand Pressure Map should 

begin with aggregate and product-

group roll-ups before moving into cell-

level detail 

Be horizon explicit Short-term visibility is stronger than 

three-to-six-month tactical visibility 

Signals should state the relevant 

planning horizon explicitly. 

Support factual 

grounding for plan 

challenge 

Demand-plan revisions require 

evidence strong enough to justify 

change 

The External Market Brief should 

show named indicators, recent 

movements, lead-time interpretation, 

and confidence 

Support customer–

sales–demand 

planning interaction 

Regional sales interviews identified 

the need to connect customer-facing 

knowledge with demand-planning 

logic 

The framework should function as a 

shared discussion object across sales, 

product line, demand planning, and 

supply chain 

Make divergence 

discussable rather 

than automatic 

Internal and external signals may 

diverge for several reasons, including 

customer-specific activity, supply 

constraints, or weak external signals 

The framework should create 

discussion triggers, not automatic 

decision rules 

Be regime-aware Post-Covid market behaviour and 

disrupted planning conditions weaken 

historical continuation 

Indicator interpretation should consider 

current-regime stability and avoid 

overreliance on full-sample 

relationships 

Taken together, these requirements define the design task addressed in Chapter six. The 

framework must complement the existing S&OP process, not try to replace it. It must convert 

fragmented external information into a structured planning input, not simply add more data. 

It must operate at the end-use level while remaining compatible with the aggregate starting 

point of the Demand Review. Finally, it must support disciplined discussion when internal 

plans and external market readings diverge. 
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5  External Indicator Analysis 

This chapter presents the quantitative external-indicator analysis used to evaluate whether 

public market signals provide usable directional information for tactical demand planning. 

It defines the analysed indicator panel and target scope, examines regime-related robustness, 

reports walk-forward directional usefulness across planning horizons, and translates the 

results into the final signal-usability classification used in the framework design. 

5.1  Indicator panel, target definition, and signal classification 

The external indicator panel was constructed from monthly public data series that could 

plausibly provide leading information about demand conditions in Product Segment 1. The 

panel includes indicators related to consumer sentiment, retail activity, business 

expectations, industrial activity, price movements, trade flows, and selected own-industry 

operating conditions. Its purpose is not to reproduce internal demand history or to create an 

automated demand forecast. Rather, the panel is used to examine whether publicly 

observable external developments provide usable directional information about demand 

pressure before such movements become fully visible in the internal planning data. 

The primary dependent variable is the year-on-year percentage change in the seasonally 

adjusted internal demand series. This target was selected because the thesis evaluates 

directional demand pressure, not point-forecast accuracy. The trend-cycle component 

proved too smooth for meaningful directional evaluation. The seasonally adjusted year-on-

year target retains sufficient directional variation to test whether external indicators provide 

useful information on strengthening or weakening demand pressure. 

The analysis focuses on Product Segment 1 and its planning-relevant hierarchy. At the 

highest thesis-scope level, the total for Product Segment 1 represents the internal product-

segment demand target. Below this, the analysis considers Product Segment 1 end-use cells, 

including beverage multipacks, dry food and other food, and other general packaging. The 

analysis also examines product-group totals and product group × end-use combinations for 

Product Group A, Product Group B, and Product Group C. This structure is important 
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because the current-state diagnosis indicated that aggregate views may conceal diverging 

end-use movements. 

The analysis also includes a seasonally adjusted European Product Segment 1 market-

volume proxy. It is based on monthly market volumes reported for the thesis product 

segment in Europe, and therefore it does not represent the entire European packaging market. 

The proxy is used as a diagnostic benchmark to assess whether public external indicators are 

primarily associated with the total European product-segment market trajectory, or whether 

they provide stronger planning value when tested against the company’s internal product, 

product-group, and product-group × end-use demand cells. Its role is to help assess whether 

internal demand development tracks or diverges from broader market volume movements. 

The main evaluation logic is directional rather than point-forecast based. This aligns with 

the framework's purpose: to determine whether external indicators can help to detect 

strengthening, weakening, or stable demand pressure over the tactical horizon. Table 6 

summarises the external indicator categories and transformations used in the analysis, to 

show how the external data are organised for interpretation. 

Table 6. External indicator panel and transformations 

Indicator category Examples Transformation Analytical role 

Consumer sentiment 

and household 

expectations 

Confidence, economic 

outlook, household financial 

situation 

12-month difference Demand sentiment 

Retail activity Retail surveys, stock 

adequacy 

12-month difference Downstream 

demand pressure 

Industrial activity Production indices YoY % change Economic activity 

Price indicators HICP, producer prices YoY % change Cost and price 

environment 

Trade flows Import and export values YoY % change Market activity 

Own-industry 

indicators 

Paperboard production, 

prices, trade flows 

YoY % change Operating 

context/confirmation 

Financial and macro 

conditions 

Interest rates, exchange rates, 

financial stress indicators 

Series-specific level or 

YoY-type transformation 

Broader economic 

conditions 

The breadth of the indicator panel is theoretically justified by the derived-demand structure 

of Product Segment 1. Demand for cartonboard does not originate inside the upstream 

producer’s order book; it is transmitted through consumer goods consumption, food and 

beverage manufacturing, converter ordering, inventory adjustment, and broader 
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macroeconomic conditions. The panel therefore includes consumer and household 

indicators, industrial and production indicators, price and inflation measures, trade-flow 

indicators, and selected sector-specific operating indicators. Together, this captures 

purchasing power, retail demand, manufacturing activity, cost and price pressure, cross-

border market dynamics, and broader industry conditions. This follows the logic of Sagaert 

et al. (2018), who show that large sets of macroeconomic indicators can outperform narrow, 

expert-selected panels in tactical demand forecasting when the relevant transmission 

pathway is unknown in advance. 

Before the model evaluation, a lag-screen correlation analysis was conducted to classify the 

timing of indicators. Negative lags were tested to identify indicators that appeared to follow 

the internal demand rather than lead it. Coincident indicators were treated as contextual 

evidence. Positive lags identified potentially leading relationships that could support tactical 

sensing if they also met the later regime-evidence, walk-forward and stability criteria.  

The results establish that the external panel contained meaningful candidate relationships at 

several planning-relevant lead times. Table 7 reports selected examples of candidate 

relationships before further walk-forward evaluation. However, these correlations alone are 

insufficient, as indicators must also be timely for the relevant planning horizon, remain 

interpretable under regime evidence, and provide directional usefulness in the walk-forward 

evaluation. The effective lead refers to the selected statistical lag after accounting for the 

assumed publication lag.  

Table 7. Candidate relationship correlation examples 

Internal demand cell Leading Indicator Effective lead Correlation 

Product Segment 1 – 

beverage multipacks 

Retail sales volume, food, beverages and 

tobacco (EA21) 

8 months +0.58 

Product Segment 1 — dry 

food and other food 

Consumer outlook, planned savings over 

next 12 months (EU27) 

6 months -0.54 

Product Group A — dry 

food & other food 

Retail business survey, stock adequacy 

assessment (EA21) 

10 months -0.51 

Product Group B — 

beverage multipacks 

Global supply chain pressure index 9 months +0.46 

Product Group C total Household & NPISH final consumption 

expenditure, % of GDP (EU27) 

5 months -0.68 

Table 7 illustrates two important points. First, several public indicators show plausible, 

interpretable candidate relationships with internal planning targets over effective lead times 
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relevant to planning. The examples cover retail activity, consumer sentiment, 

macroeconomic demand conditions, and supply-chain pressure, indicating that the external 

panel contains signal content across several theoretically relevant demand drivers. Second, 

candidate correlation is not the same as final signal usability. This distinction is central to 

the analysis. Correlation identifies potential signal content, while walk-forward performance 

and stability determine whether that content is usable in the framework constructed in 

Chapter six. 

Short-lead indicators are those whose strongest association occurs at lags of one to three 

months, while long-lead indicators are those whose strongest association occurs at lags of 

four to twelve months. Coincident and lagging indicators are retained as contextual or 

confirmation signals but do not support forward-looking directional claims. The final signal-

usability classification is based on the stricter regime-evidence, walk-forward and stability 

logic. 

5.2  Regime-conditional indicator stability 

Chapter four established that the current planning environment is characterised by increased 

uncertainty and weakened reliance on historical extrapolation. It also argued that the 

framework must be regime-aware because indicator relationships cannot be assumed to 

remain stable across structurally different economic periods. This section presents the 

empirical evidence supporting that requirement. The purpose is not only to identify 

indicators with high apparent correlations, but to examine whether those relationships 

remain directionally and temporally meaningful in the current volatile operating 

environment. 

The regime-conditional analysis examines whether candidate indicator–demand 

relationships remain directionally interpretable across different market conditions. This is 

important because a relationship that appears strong in a long historical window may still be 

unsuitable for planning if its sign reverses, its timing changes, or its relevance weakens after 

a disruption. The final regime analysis uses pre-evaluation information available through 

December 2023. The Covid-19 disruption and adjustment period is retained rather than 

removed, because these observations were known before the 2024–2025 evaluation window 

and are directly relevant to assessing the robustness of market-sensing relationships. Instead 
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of independently re-optimising the most favourable lag in each subperiod, candidate 

relationships are interpreted using the selected pre-evaluation lag. This avoids overstating 

stability by allowing each period to choose a different best lag after the fact. 

The analysis classifies candidate relationships into four practical evidence categories. 

Directionally consistent relationships retain interpretable directional content across the 

observed evidence periods. Disruption-sensitive relationships remain useful but are visibly 

affected by the disruption period. Later-period weakened relationships show evidence of 

fading relationship strength after the disruption and therefore require caution. Sign-reversal 

relationships change direction across evidence periods and are not suitable as primary 

sensing inputs. 

Table 8 summarises the strict-core regime-evidence distribution. The findings show that 

candidate relationships are mixed rather than uniformly stable. Only about one-fifth of 

candidate relationships are directionally consistent across observable periods. Another fifth 

is disruption-sensitive, about one-third weaken in the later observed period, and slightly 

more than one-quarter show a reversal in sign. This pattern confirms the Chapter four 

diagnosis: public indicators can contain useful directional information, but the information 

is not universally stable across regimes. 

Table 8. Regime-evidence distribution for candidate relationships 

Regime-evidence 

category 

Candidate 

relationships (n) 

Share Relevance in panel logic 

Directionally consistent 505 19.2 % Eligible for model-supported use 

Disruption-sensitive 535 20.4 % Eligible with caution 

Later-period weakened 854 32.5 % Advisory or cautious use only 

Sign reversal observed 734 27.9 % Excluded from primary panel 

The findings have direct methodological and managerial implications. They confirm that 

public external indicators should not be treated as universal predictors. Their value depends 

on where they remain timely, directionally interpretable, and usable under current planning 

conditions. The framework must therefore be selective and tiered rather than presenting 

every statistically associated indicator as a planning signal. 

The regime evidence also qualifies the interpretation of own-industry indicators. Paperboard 

prices, trade flows, and other operating-context indicators can provide useful context, but 
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they may also reflect current value-chain conditions rather than independent early warning 

of end-market demand. Their role is therefore evaluated more carefully in the final signal-

usability classification. 

The same logic applies across end-use and product-group levels. Some cells retain clearer 

external signal content, while others show weaker or more unstable relationships. This 

supports the need for a cell-specific signal-usability classification rather than a single general 

conclusion about whether public indicators have value. The regime-evidence analysis 

therefore strengthens the logic that the value of external market sensing lies in identifying 

where indicator content remains usable under current planning conditions, not in assuming 

that all historical indicator relationships remain valid. 

Overall, the regime analysis supports a cautious but constructive conclusion. Public external 

indicators contain relevant market information, but their usefulness is conditional. The 

subsequent walk-forward analysis therefore tests whether these candidate relationships 

translate into directional value relative to a persistence benchmark across the planning 

horizons at which S&OP decisions are made. 

5.3  External indicator usefulness across planning target levels 

The first question is whether public external indicators primarily reflect broad European 

market movements or whether they also provide value for internal planning targets. This 

distinction is critical. If external indicators only track the broader market aggregate, their 

managerial value would be limited to general market commentary. If they provide signals at 

the internal product and end-use levels, they can more directly support demand planning by 

making external demand pressure visible at the level where demand assumptions are 

discussed and challenged. 

The walk-forward evaluation shows that the usefulness of external indicators is selective but 

meaningful in specific parts of the internal planning hierarchy. The strongest practical value 

appears at the h+6 horizon. At h+3, the portfolio-level gain over persistence is nearly neutral, 

although selected cells still provide useful support. At h+9, the models do not outperform 

persistence on average; therefore, the horizon is retained only as an outer-boundary 
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assessment. At h+1, the indicator framework has limited practical value, as near-term 

planning is better supported by order inflows, customer conversations, and internal data. 

Table 9 summarises the horizon-level walk-forward results for the strict-core universe. The 

table shows that h+6 is the strongest primary tactical window. ElasticNetCV improves on 

persistence by 7.5 percentage points on average at h+6, with 10 of 15 strict-core targets 

beating persistence. XGBoost also shows its strongest average gain at h+6, but it is 

interpreted as complementary advisory evidence rather than as an independent basis for 

model-supported Tier A classification. 

Table 9. Walk-forward usefulness by model and horizon 

Horizon Model Mean 

DA 

Persistence 

DA 

Gain Targets beating 

persistence 

Interpretation 

h+1 ElasticNetCV 0.546 0.538 +0.8 pp 9 / 15 Diagnostic short-

horizon check only 

h+3 ElasticNetCV 0.525 0.525 +0.0 pp 6 / 15 Selective; near 

persistence overall 

h+3 XGBoost 0.554 0.525 +2.9 pp 10 / 15 Advisory non-linear 

evidence 

h+6 ElasticNetCV 0.509 0.434 +7.5 pp 10 / 15 Strongest primary 

tactical window 

h+6 XGBoost 0.522 0.434 +8.8 pp 11 / 15 Advisory support 

for h+6 usefulness 

h+9 ElasticNetCV 0.430 0.558 −12.8 pp 3 / 15 Outer-boundary 

assessment only 

h+9 XGBoost 0.458 0.558 −10.0 pp 2 / 15 Not supported for 

final tiering 

The h+6 result is important for the thesis because it aligns with the planning problem 

diagnosed in Chapter four. The company’s near-term planning is already supported by 

customer visibility and order inflow, but tactical decisions concerning capacity, commercial 

positioning, and demand-plan challenge require earlier market interpretation. The six-month 

horizon is sufficiently far ahead to support such discussion while still close enough for public 

indicators to retain directional relevance. 

The h+9 result should not be overstated. Although a nine-month view would be valuable for 

tactical and capacity-oriented planning, the empirical evidence does not support its inclusion 

as a recurring model-supported framework horizon. At h+9, both models underperform the 

persistence benchmark on average, and the realised evaluation window is shorter than at h+3 

or h+6. The horizon is therefore retained as an outer tactical boundary assessment but 
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excluded from final Tier A/B/C/D classification. This distinction is important: planning 

relevance alone is not sufficient for inclusion in the framework; the horizon must also show 

sufficient empirical support. 

The target-level comparison further supports the segmented framework logic. External 

indicators are not most useful as a generic broad-market forecast. The European market-

volume proxy remains useful as a diagnostic comparison layer, but it is not part of the strict-

core signal classification. Stronger planning value is observed when indicators are evaluated 

directly against the company’s internal product-segment, product-group, and product-group 

× end-use demand cells. This confirms that the framework should translate external signals 

into the planning hierarchy used in Demand Review, rather than present only a high-level 

market-sentiment summary. Table 10 summarises the final target-level signal-usability 

pattern. The result is selective: six strict-core targets qualify as Tier A, eight as Tier B, and 

one as Tier D. No strict-core target is classified as Tier C under the final rules. 

Table 10. Target-level signal-usability 

Target level Strict-core 

targets 

Tier A Tier B Tier C Tier D Main implication 

Product Segment 

1 total 

1 1 0 0 0 Model-supported aggregate 

signal 

Product Segment 

1 end-use cells 

5 2 2 0 1 Selective end-use support 

Product-group 

totals 

3 2 1 0 0 Useful product-group signal 

content 

Product group × 

end-use cells 

6 1 5 0 0 Mostly advisory; selected 

model-supported use 

Total strict-core 

universe 

15 6 8 0 1 Selectively usable external 

signal content 

The target-level pattern supports one of the thesis's main empirical arguments. Aggregating 

visibility alone is not sufficient. External indicator usefulness becomes more relevant when 

tested against the internal planning cells, which are closer to the level at which demand is 

actually reviewed and challenged. This finding provides the empirical basis for the Demand 

Pressure Map in Chapter six: the artefact should not only report general market conditions 

but also translate external readings into product-segment- and end-use-specific discussion 

points. Figure 5 visualises the directional usefulness pattern across the evaluated horizons 

and highlights why h+6 is treated as the strongest primary tactical sensing window. 
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Figure 5. Directional signal usefulness by forecast horizon 

5.4  Leading indicator panels and signal usability 

Having established that external indicators provide selective value across internal planning 

targets, the final step is to classify where the evidence is strong enough for model-supported 

use and where it should remain advisory. The classification combines directional walk-

forward performance, indicator-panel stability, and interpretability. This prevents cells with 

positive directional performance but unstable or difficult-to-explain indicator content from 

being overstated as fully model-supported signals. 

The final strict-core classification produces six Tier A cells, eight Tier B cells, no Tier C 

cells, and one Tier D cell. Tier A indicates model-supported external directional evidence at 

the primary tactical horizons of h+3 or h+6. Tier A* denotes a model-supported cell for 

which no adequate pre-disruption reference history exists, so regime stability is judged solely 

on post-disruption evidence. Tier B indicates advisory evidence that may support planning 

discussion but requires commercial corroboration. Tier C represents weak or inconsistent 

evidence, but no strict-core target was assigned to Tier C under the final classification. Tier 

D indicates that no meaningful model-supported external signal was identified under the 

final specification. The final classification is summarised in Table 11. 

Outer 

boundary only 

Did not 

outperform 

persistence 

h+1 h+3 h+6 h+9 
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Table 11. Signal usability decision matrix for the framework 

Internal demand cell Best supported 

horizon 

Signal tier/status Framework use 

Product Segment 1 total h+6 Tier A Aggregate model-supported 

signal 

Product Segment 1 — beverage 

multipacks 

h+6 Tier A End-use model-supported 

signal 

Product Segment 1 — other 

general packaging 

h+6 Tier A End-use model-supported 

signal 

Product Group A total h+6 Tier A Product-group model-

supported signal 

Product Group A — beverage 

multipacks 

h+3 Tier A Cell-level model-supported 

signal 

Product Group C total h+3 / h+6 Tier A* Model-supported signal with 

caveat 

Product Segment 1 — frozen 

and chilled food 

h+3 / h+6 Tier B Advisory signal 

Product Segment 1 — chocolate 

and confectionery 

h+3 / h+6 Tier B Advisory signal 

Product Group A — dry food 

and other food 

h+6 Tier B Advisory signal 

Product Group A — frozen and 

chilled food 

h+3 / h+6 Tier B Advisory signal 

Product Group A — other 

general packaging 

h+3 / h+6 Tier B Advisory signal 

Product Group A — chocolate 

and confectionery 

h+3 / h+6 Tier B Advisory signal 

Product Group B total h+3 Tier B Advisory product-group 

signal 

Product Group B — beverage 

multipacks 

h+3 / h+6 Tier B Advisory cell-level signal 

Product Segment 1 — dry food 

and other food 

— Tier D No model-supported 

external signal 

Product Group B — other 

general packaging 

h+6 Business-relevance 

sensitivity 

excluded from strict-core 

counts 

The distinction between Tier A and Tier B is central to the framework. Tier A cells can be 

used as model-supported directional inputs in the Demand Pressure Map because they 

combine positive walk-forward evidence with conditional indicator stability. Tier B cells 

should be used with greater caution. They may provide useful external comparison points, 

but their interpretation requires commercial corroboration, especially from sales, product-

line, and demand-planning stakeholders. This distinction prevents the framework from 

overstating the reliability of external signals and keeps the artefacts aligned with the planning 

logic established in Chapter four. 
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For the model-supported Tier A and Tier A* cells, the underlying panels draw on several 

external indicator themes rather than one universal leading indicator. Table 12 summarises 

the main indicator content behind the Tier A and Tier A* cells. The table is not intended to 

reproduce the full analytical panels, but to show how the supported signals connect to 

interpretable market drivers that can later be translated into the External Market Brief and 

the Demand Pressure Map.  

Table 12. Supported indicator content for Tier A cells 

Internal 

demand 

cell 

Horiz

on 

Tier Main supported 

indicator themes 

Example indicator 

concepts 

Framework 

interpretation 

Product 

Segment 1 

total 

h+6 Tier A Consumer prices, 

producer prices, trade 

flows, and consumption 

expenditure 

HICP indices; paper and 

paperboard producer-price 

indicators; EU paperboard 

import flows; consumption-

expenditure indicators 

Model-

supported 

aggregate 

demand-

pressure signal 

Product 

Segment 1 

— 

beverage 

multipacks 

h+6 Tier A Retail activity, consumer 

demand conditions, and 

price indicators 

Retail sales volume for 

food, beverages, and 

tobacco; retail business 

activity surveys; selected 

price indicators 

Model-

supported end-

use signal 

Product 

Segment 1 

— other 

general 

packaging 

h+6 Tier A Macro demand 

environment, 

expenditure measures, 

trade flows, uncertainty, 

and operating-context 

indicators 

Final consumption 

expenditure indicators; EU 

paperboard import flows; 

Economic Policy 

Uncertainty Index; selected 

producer-price indicators 

Model-

supported end-

use signal 

Product 

Group A 

total 

h+6 Tier A Consumer sentiment, 

price conditions and 

own-industry operating 

context 

Consumer confidence and 

household financial 

situation indicators; paper 

and packaging producer-

price indicators 

Model-

supported 

product-group 

signal 

Product 

Group A 

— 

beverage 

multipacks 

h+3 Tier A Commodity prices, retail 

activity and macro-

financial conditions 

FAO sugar price index; 

retail sales volume 

indicators; policy-

uncertainty and financial-

stress indicators 

Model-

supported 

product group 

× end-use 

signal 

Product 

Group C 

total 

h+3 / 

h+6 

Tier 

A* 

Household demand, 

macroeconomic 

expenditure and price 

conditions 

Household and NPISH final 

consumption expenditure; 

final consumption and 

investment indicators; 

selected price indicators 

Model-

supported 

signal with 

data-history 

caveat 

The supported panels show that external demand-pressure signals are not driven by one 

isolated indicator family. Instead, they combine information from consumer demand, retail 

activity, price and cost conditions, trade flows, financial conditions, commodity markets, 
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and selected own-industry operating-context variables. This mix is consistent with the 

derived-demand logic of the product segment: demand pressure is transmitted through 

consumer behaviour, retail and manufacturing activity, converter ordering, inventory 

adjustment, price pressure, and broader macroeconomic conditions. 

The stability results also qualify the meaning of supported leading indicator panels. The 

primary stability assessment confirms conditional coefficient-retention stability within the 

frozen indicator panels. In other words, the selected concepts remain sufficiently 

interpretable and repeatedly retained under the applied pre-evaluation resampling logic. 

However, the stricter nested panel-selection robustness extension indicates that most Tier A 

panels should still be interpreted as conditionally stable rather than universally reproducible. 

This supports a careful thesis claim: public external indicators provide selectively usable and 

conditionally stable leading content for certain planning cells, not a universal set of stable 

predictors across the full product hierarchy. 

Own-industry and producer-price indicators are useful but require careful interpretation. 

They may capture operating context and market co-movement within the same value chain 

rather than independent early warning from end-market demand. For this reason, they are 

useful as part of a broader panel and as confirmation signals but should not be interpreted 

mechanically as causal leading drivers. The External Market Brief should therefore present 

them alongside consumer, retail, trade, uncertainty, commodity, and price indicators rather 

than as standalone forecasts. 

The broader European market-volume proxy remains outside the final signal-usability tiers 

and should be used only as a diagnostic comparison layer. It helps planners examine whether 

internal demand movement aligns with or diverges from broader market volume 

development, but it should not be shown as a model-supported directional signal. 

Overall, the quantitative evidence supports a selective market-sensing framework rather than 

a universal external-indicator forecasting model. Public external indicators contain useful 

directional information, but the value is concentrated in specific cells and horizons, 

especially the h+6 tactical window, with selected support at h+3. The final decision matrix 

therefore provides a disciplined basis for the two artefacts developed in Chapter six. The 

contribution of the framework lies in making external market pressure visible, discussable, 

and auditable in the S&OP process, while preserving the role of the current planning process. 
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6  Market Sensing Framework Design 

This chapter translates the empirical findings into a practical market-sensing framework for 

the monthly S&OP process. It presents the framework architecture, introduces the External 

Market Brief and Demand Pressure Map artefacts, explains how they are integrated into the 

Demand Review, and evaluates the framework’s practical relevance, limitations, and 

development path. 

6.1  Framework architecture and design logic 

The framework addresses the tactical sensing gap identified in Chapter four. The current 

process is operationally functional at short horizons, where commercial input, customer 

conversations, and order inflow provide relevant near-term visibility. The limitation appears 

as the horizon extends: the organisation must make capacity, commercial, and supply-related 

decisions before internal order data fully reflects changes in the external demand 

environment. The framework therefore adds an externally grounded sensing layer to the 

existing process, supporting discussion, challenge, and prioritisation without automating 

demand-planning decisions. 

The driver-based market-sensing framework developed in this chapter converts the empirical 

findings from Chapter five into a process-compatible management construction in the sense 

of Kasanen et al. (1993). It is not a stand-alone forecasting system, nor is it intended to 

automate demand planning decisions. Its role is to provide an external, driver-based sensing 

layer that supports discussion, challenge, and prioritisation within the existing planning 

process. 

The design requirements for the framework are derived from two sources: the diagnostic 

findings in Chapter four and the design principles synthesised from the literature in Chapter 

two. Table 13 maps these requirements to the framework response and identifies the primary 

artefact element through which each requirement is operationalised. 
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Table 13. Design requirements and framework response 

Design requirement Framework response Primary artefact 

element 

Fit with existing 

planning rhythm 

The Brief and Map are positioned within the monthly 

S&OP process and require no new planning system or 

governance structure. 

Process integration 

design 

End-use segment 

specificity 

Signals are shown at product group × end-use level 

rather than only at aggregate level. 

Demand Pressure Map 

External forward-

looking sensing 

Public indicators are used as structured external 

reference points for interpreting demand pressure at the 

tactical horizon. 

External Market Brief 

Horizon explicitness Each directional call carries an explicit h+3 or h+6 

horizon badge, routing the signal to the correct 

planning decision. The h+9 horizon may be retained 

only as outer-boundary commentary. 

Demand Pressure Map 

Factual grounding for 

discussion 

Signals are linked to named indicators, empirically 

validated lead times, and conditionally stable leading-

indicator content or advisory-indicator evidence. 

External Market Brief 

and expanded Map view 

Regime awareness Indicator stability and interpretation are reviewed over 

time; current signals are not assumed permanent. 

External Market Brief 

The framework consists of two sequential artefacts. The External Market Brief is the sensing 

layer. It converts external indicator readings, regime state, and market-internal spread 

information into a structured pre-reading document for the demand planning process. The 

Demand Pressure Map is the decision-support layer. It translates the sensing inputs into 

product-group × end-use directional calls, with explicit tier confidence levels and horizon 

declarations. The Brief helps practitioners understand what the external market environment 

is signalling. The Map shows what those signals imply for specific planning cells. The 

Demand Review is then the forum where the Map works as a structured comparison between 

the demand trajectory and the external environment. Figure 6 summarises the framework 

architecture and shows how external indicators and internal demand data are translated 

through the Brief and Map into Demand Review discussion. 
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Figure 6. Framework architecture 

This architecture can be summarised as a sense–see–decide sequence. The Brief supports 

sensing by making external signals visible and interpretable. The Map supports seeing by 

structuring those signals into a product group × end-use planning view. The Demand Review 

supports the layer's decision-making by guiding challenge, prioritisation, and escalation. 

This sequence is consistent with the market-sensing logic of dynamic supply chain 

capabilities, in which sensing creates value only when connected to organisational routines 

for interpretation and action (Aslam et al., 2018). 

The framework is deliberately designed to be compatible with the case company’s current 

planning maturity. It does not require a new planning system, a new governance structure, 

or a process maturity upgrade as a precondition for use. As the organisation’s planning 

maturity develops, the same artefacts could later support more advanced scenario planning 

and integrated reconciliation. In this sense, the framework is deployable under current 

process conditions while also creating a pathway toward more externally informed 

S&OP/IBP practice (Nyman et al., 2025). 
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6.2  Framework artefacts 

The framework is operationalised through two artefacts: the External Market Brief and the 

Demand Pressure Map. The two artefacts are complementary but distinct. The Brief prepares 

practitioners by summarising the external market environment. The Map structures the 

Demand Review discussion by translating empirically supported signals into comparisons 

for product-group and end-use planning. Table 14 summarises the key properties of each 

artefact. 

Table 14. Framework artefact summary 

Artefact Role Timing Main users Main output 

External 

Market 

Brief 

Sensing and 

preparation layer 

Before 

Demand 

Review 

Demand planning & 

sales stakeholders 

External indicator readings, 

regime flag, spread diagnostic, 

discussion triggers 

Demand 

Pressure 

Map 

Decision-support 

and discussion 

layer 

Demand 

Review 

meeting 

Demand Review 

participants 

Product group × end-use 

directional call, tier badge, 

horizon badge, indicator basis 

The External Market Brief is a structured pre-reading document circulated before the 

Demand Review. Its purpose is to make the external demand environment understandable 

before practitioners discuss the internal demand position. The Brief does not generate 

planning decisions on its own. Rather, it provides the factual and external grounding 

supporting discussion, challenge, and interpretation. 

This function responds to the legitimacy barrier identified in Chapter four. The Brief does 

not replace specific operational or customer-level evidence, but it strengthens the discussion 

by linking broader market interpretation to named external indicators, stated lead times, and 

empirically tested signal behaviour. It therefore provides a structured external context for 

questioning whether the internal plan remains consistent with wider market conditions. 

The Brief contains five core elements. The first is a market signal headline. This summarises 

the aggregate external demand-pressure reading across usable Tier A/A* and Tier B cells. 

The headline is not a forecast; it is a concise interpretation of whether the external signal 

environment appears strengthening, weakening, stable, or mixed. 

The second element is the cross-cutting indicator panel. This presents the recurring external 

signal concepts identified in Chapter five: the Non-Domestic Producer Price Index for pulp, 
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paper, and paperboard; HICP consumer price indices; retail sales volume for food, 

beverages, and tobacco; final consumption expenditure indicators; EU paperboard trade 

flows; and the Economic Policy Uncertainty Index. Each indicator is shown with its recent 

movement, demand-pressure interpretation, and typical horizon. The purpose is to make the 

driver logic visible: users should be able to see not only that a cell has been flagged, but 

which external signals support that reading. 

The third element is the priority watch list. This identifies the product, product group, or 

product group × end-use cells where Tier A/A* or Tier B signals require attention during the 

upcoming Demand Review. Tier A/A* cells are shown as model-supported. Tier B cells are 

shown as advisory and require commercial validation. The watch list prevents the Brief from 

becoming a broad market commentary and directs attention to planning-relevant cells. 

The fourth element is the internal plan versus external signal summary. This compares the 

internal demand-plan direction at h+3 and h+6 with the supported external signal direction 

where one exists. The purpose is to make convergence and divergence visible. If the internal 

plan and external signal point in the same direction, the signal can support the current 

assumption. If one side is stable and the other moves, the result is treated as mixed. If the 

plan and external signal point in opposite directions, the cell becomes a candidate for 

structured discussion. The h+9 horizon may be retained as outer-boundary commentary in 

the Brief, but it is not used as a classified Map signal because the final signal-usability 

classification is limited to the primary h+3 and h+6 horizons. 

The fifth element is the Demand Review question section. This converts the Brief from a 

passive pre-reading document into a discussion tool. The questions focus on whether 

external pressure is reflected in the internal plan, whether sales or customer input confirms 

the external signal, and whether divergences may be explained by customer mix, campaign 

timing, inventory behaviour, capacity constraints, or market-share effects. Where needed, 

the Brief can also include rule-based discussion triggers, such as a change in the direction of 

an external signal, a divergence between the internal plan and the external signal, or a turning 

point in a cross-cutting indicator. These triggers are not automatic decision rules; they are 

used to focus the Demand Review on assumptions requiring explanation or corroboration. 

Figure 7 illustrates a mock-up of how the External Market Brief could present external 

market readings, priority watch items, and discussion triggers before the Demand Review. 
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Figure 7. Mock-up excerpt of the External Market Brief 

The Demand Pressure Map is the central Demand Review artefact. Its purpose is to provide 

a structured and evidence-based view of demand pressure by product group and end-use 

segment. The Map translates the Brief’s external sensing logic into a visual planning object 

for use during the meeting itself. 

The rationale for the Map is reinforced by the validation evidence discussed in Section 6.4. 

Practitioner assessment characterised the existing heat-map logic as subjective and not 

directly referenced to data, while the Demand Pressure Map was assessed as a potentially 

stronger planning object because it links directional discussion to named external indicators 

and evaluated signal relationships. This evidence does not mean that the Map should 

immediately replace the existing approach. The deployment path positions the Map first as 

a complementary artefact during pilot use. If practitioners find it useful and reliable across 

repeated Demand Review cycles, it may later replace or be integrated into the existing heat-

map logic. 

The Map is structured as a product group × end-use matrix. Rows represent end-use 

segments and columns represent product groups. A volume-share strip at the top directs 

attention to commercially material cells without revealing confidential volume figures. Each 

cell contains three main elements: a directional indicator, a tier badge, and a horizon badge. 

The directional indicator shows whether demand pressure is rising, stable, declining, or 

Indicator Geography Latest period Latest value MoM change Direction 3m trend Consecutive months Eff. lead h+3 Eff. lead h+6

Non-Domestic PPI — pulp, paper & paperboard EU27 2025-11 142,3 ↑ strengthening ↑ 3 yes yes

HICP consumer price indices EA21 2025-11 128,7 → stable → 2 advisory yes

Retail sales volume — food, beverages & tobacco EU27 2025-11 101,4 ↑ strengthening ↑ 4 yes yes

Final consumption expenditure EA21 2025-Q3 99,8 → stable → 1 no advisory

EU paperboard trade flows Europe 2025-11 -2,10 % ↓ weakening ↓ 2 advisory advisory

Economic Policy Uncertainty Index EU27 2025-11 186,5 ↑ weakening ↑ 3 no advisory

Price pressure Continued value-chain price and operating-context pressure

C.  External market interpretation summary

Theme Interpretation

Retail activity Selective support for downstream FMCG demand

Field Reading

External demand-pressure reading Mixed / stable

Primary horizon of interest h+6

B.  SET A — Model-supported indicator panel

External Market Brief 
Illustrative mock-up — no confidential volumes shown

A.  Market signal headline
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uncertain. The tier badge communicates the strength of the external signal basis. Table 15 

defines the signal classes and their planning interpretation. 

Table 15. Tier classification and planning use 

Signal class Meaning Framework output Planning interpretation 

Tier A Model-supported external 

signal 

Directional signal with 

named indicator basis 

and supported horizon 

Can support or challenge 

internal assumptions at the 

stated horizon 

Tier B Advisory signal Directional explanation 

with explicit limitation 

Use with commercial 

corroboration; do not use as 

a standalone plan basis 

Tier D / No 

model-supported 

signal 

Insufficient or unsupported 

external signal for the 

internal cell 

No external directional 

claim 

Defer to sales, customer, and 

product-line knowledge 

Tier A* denotes a model-supported signal for which no adequate pre-disruption reference 

history exists, so regime stability is judged solely on post-disruption evidence. Tier C is 

included in the classification logic for completeness, although the final decision matrix did 

not identify any Tier C cells. Tier D and no-signal cells appear on the Map as areas where 

the framework does not make a model-supported external directional claim. 

The horizon badge is one of the most important design features of the Map. It states whether 

the directional signal applies at h+3 or h+6. Without this badge, users could misinterpret 

signals intended for different planning decisions as equivalent. A shorter-horizon signal may 

be relevant for near-term follow-up, while a six-month signal may be more relevant for 

capacity, inventory, or commercial prioritisation discussion. The horizon badge is therefore 

not a formatting detail but a functional requirement for correct use of the Map. 

The Map also includes a selected-cell indicator panel. This panel is essential because the 

thesis asks which external public indicators serve as stable leading indicators of the direction 

of end-use demand. When a user selects a product group and end-use cell, the panel shows 

the leading indicators behind the signal, including their theme, lag or horizon, recent 

movement, demand-pressure direction, and interpretation caveat. Tier A/A* cells should 

show conditionally stable indicator panels where available. Tier B cells should show 
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advisory indicators with a clear caveat. Unsupported cells should state that no model-

supported indicator panel is available. 

The diagnostic interviews also indicated that forward-looking segment visibility would help 

commercial teams identify where customer dialogue is most needed. The Map therefore 

supports not only demand-plan challenge, but also commercial focus and customer follow-

up. Figure 8 provides an anonymised excerpt of the Demand Pressure Map and illustrates 

how directional calls, tier badges, horizon badges, and internal-plan comparison can be 

presented as a compact planning view. When fully used, the Map can be expanded with 

selected-cell indicator content to show the external indicators for each signal. 

 

Figure 8. Demand Pressure Map (anonymised excerpt) 

6.3  Integration into the monthly S&OP process 

The value of the framework depends on its integration into the existing planning process. 

Chapter four established that external market information already exists within the 

organisation through commercial knowledge, business intelligence, and strategic analysis, 

but is not systematically converted into a recurring input for tactical planning. 

The framework enters the monthly S&OP rhythm at two points. The External Market Brief 

is circulated before the Demand Review as preparation material. This timing ensures that 

↑ strengthening demand pressure A / A*

→ stable or no clear change B

↓ weakening demand pressure D

— no model-supported external signal

Aligned

Mixed

Divergent

Advisory

No signal

Cell Horizon Tier External signal Internal plan Status / discussion note

Product Segment 1 total h+6 A ↑ → Review upside pressure

Product Segment 1 — beverage multipacks h+6 A ↑ ↑ Aligned

Product Group A — beverage multipacks h+3 A ↑ → Discuss near-term upside

Tier B signal; discuss with commercial input

use customer, sales, and product-line intelligence

B.  Roll-up panel — priority cells

advisory signal requiring commercial corroboration

no meaningful model-supported external signal

Status

internal plan and external signal point in the same direction

signals are not clearly consistent

internal plan and external signal point in opposite directions

Demand Pressure Map
Anonymised — no confidential volumes shown

A.  Legend

Direction Tier

model-supported external signal
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external signals are visible before the internal demand position is discussed. The Demand 

Pressure Map is then used during the Demand Review as the primary market-facing artefact 

for discussing product-group and end-use demand pressure. The diagnostic interviews 

identified the primary value of external sensing at the start of the planning cycle, where 

improved Demand Review inputs can inform subsequent supply review and financial 

reconciliation discussions. 

This placement is consistent with IBP’s role as a mechanism for translating market and 

strategic information into tactical planning decisions. Nyman et al. (2025) emphasise that 

IBP creates value when strategy, demand, supply, and financial implications are connected 

through recurring planning routines rather than handled as separate information streams. The 

External Market Brief and Demand Pressure Map serve this function at the tactical level: 

they introduce external market intelligence before the demand position is settled and create 

a structured object through which cross-functional participants can interpret, challenge, and 

reconcile demand assumptions. 

Ownership of the framework should sit close to the demand planning process. Demand 

planning is the appropriate owner of the monthly production of the Brief and Map, as the 

artefacts are intended to support the tactical demand review rather than long-term strategy 

work. Product line and commercial stakeholders should review and interpret the Map before 

and during the Demand Review, particularly for cells where commercial intelligence differs 

from the external signal. 

A consistent diagnostic finding from Chapter four was that external signals should enter 

existing routines rather than a parallel tool. If the framework were positioned as an additional 

reporting layer outside the planning rhythm, it would risk becoming another informational 

artefact with limited influence on decisions. Embedding the Brief and Map into existing 

S&OP routines increases the likelihood that external signals are interpreted, challenged, and 

acted upon in the same forums where demand decisions are already made. 

The integration design also supports cross-functional interpretation. The Map’s divergence 

flags and total-versus-segment checks create explicit discussion points when internal 

demand assumptions and external market signals are in tension, supporting the coordination 

that is central to the S&OP process (Tuomikangas & Kaipia, 2014). 
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Deployment should proceed in stages. In the first stage, the Brief and Map should be 

produced manually for a limited number of Demand Review cycles to test whether the 

artefacts are understandable, useful, and compatible with the meeting rhythm. Practitioner 

validation supported this staged approach. In the second stage, if the artefacts prove useful 

in repeated planning discussions, they should be integrated into the standing Demand 

Review agenda as regular pre-read and discussion materials. In the third stage, the 

production process can be partially automated through scheduled updates to indicators and 

the standardised representation of artefacts. Figure 9 summarises the placement of the 

framework artefacts in the monthly S&OP process, with the External Market Brief 

positioned before the Demand Review and the Demand Pressure Map positioned within the 

Demand Review itself. 

 

Figure 9. Placement of the framework artefacts in the monthly S&OP process 

6.4  Validation, limitations, and development path 

This section synthesises the evidence supporting the framework’s practical viability, 

documents the scope boundaries imposed by the empirical analysis, and outlines the 

development path through which the framework can evolve. The interview evidence served 

two distinct roles in the research process: earlier diagnostic interviews informed the design 

requirements and the artefact specification, while later practitioner assessments of the 

framework concept contributed to the weak market test. The framework is evaluated using 
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the weak-market test defined in Section 3.2. Table 16 maps the available practitioner 

evidence against the key dimensions of this validation logic. 

Table 16. Weak market test: interview evidence mapped to evaluation dimensions 

Weak market 

test dimension 

Interview-based evidence Interpretation 

Problem 

relevance 

Stakeholders described limited forward visibility 

beyond short-term customer input and the absence 

of structured external market intelligence in the 

monthly planning cycle. 

The diagnostic problem is 

consistent with practitioner 

experience of the planning 

process. 

Process fit Interviewees indicated that external signals should 

be integrated into existing workflows rather than 

introduced as separate tools, and that a pre-Demand 

Review entry point would be appropriate. 

The framework’s process-

embedded design is 

compatible with stated 

adoption requirements. 

Artefact 

usefulness 

The Brief and Map concepts were assessed as 

useful ways to make the planning process more 

forward-looking and data-grounded than the current 

approach. 

The artefacts have practical 

relevance for the planning 

context. 

Boundary realism Interviewees noted that commercial intelligence 

remains essential where public indicators cannot 

capture customer-specific or brand-owner-specific 

dynamics. 

The Tier B and no-signal 

deferral logic is consistent 

with practitioner 

understanding. 

Adoption 

potential 

Stakeholders supported a staged introduction path 

before broader integration. 

The framework is viable at the 

design-validation stage but not 

yet implemented. 

The practitioner evidence supports the conclusion that the framework satisfies the weak 

market test at the design-validation stage. Stakeholders considered the artefacts relevant, 

process-compatible, and potentially useful. The strongest practitioner endorsement 

concerned the Demand Pressure Map. Supply-chain leadership assessed the Map as a more 

evidence-based alternative because it connects demand-pressure interpretation to 

relationships among evaluated indicators rather than relying solely on subjective judgement. 

Respondents with commercial and key-account experience also reinforced the need to retain 

customer-specific and product-line judgement where public indicators cannot capture local 

or account-level dynamics. 

The weak market test outcome should therefore be stated carefully. The framework can be 

considered practically viable at the design-validation stage because responsible practitioners 

recognised the problem, identified relevant artefacts, and supported its integration into the 
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existing planning rhythm. The thesis does not claim live implementation, measured 

performance improvement, or universal applicability across all product-segment cells. 

The framework has six important scope boundaries. First, it supports directional sensing 

rather than point forecasting. Its outputs should not be used to derive direct volume changes 

without further commercial and planning interpretation. Second, it is selective. The final 

strict classification contains six Tier A cells, one of which is displayed as Tier A* because 

of a specific data-history caveat, eight Tier B cells, no Tier C cells, and one Tier D target 

with no model-supported external signal. This means the framework should not force 

external indicator claims into every product group × end-use cell. Third, the European 

Product Segment 1 market-volume proxy is a comparison layer. It helps evaluate whether 

public indicators primarily track market-level trajectories or provide greater value at 

segmented internal planning levels. Fourth, the framework cannot reconstruct unconstrained 

demand. It can indicate divergence between internal demand development and external 

market signals, but it cannot fully remove the effects of converter inventory behaviour, 

capacity allocation, or unavailable downstream data. Fifth, indicator relationships were 

evaluated in the current post-2022 operating environment and must be monitored over time. 

Sixth, the specific indicator panels are calibrated to the case company’s European Product 

Segment 1 context. The design logic may be transferable, but the exact indicators and 

thresholds require re-estimation in other contexts. 

The immediate development path is a manual pilot over selected Demand Review cycles. 

This stage tests whether the Brief and Map are understandable, timely, and useful in actual 

planning discussions. Feedback from this phase should be used to refine the artefact layout, 

tier presentation, and discussion trigger logic before automation is introduced. The second 

development stage is technical refinement. Indicator release timing, revisions, stability, and 

model performance should be monitored as new data becomes available. Cells may move 

between Tier A, Tier B, and no model-supported signal status as additional observations 

accumulate. Cells in which advisory XGBoost evidence contributes to the interpretation 

require particular attention, as non-linear signals may be useful yet less transparent to 

business users. 
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7  Discussion and Implications 

This chapter discusses the meaning and implications of the empirical findings for theory, 

methodology and managerial practice. It explains how the results contribute to 

understanding tactical market sensing in S&OP, clarifies the practical use and limits of the 

proposed framework, and outlines the study’s main limitations and future development 

opportunities. 

7.1  Theoretical and methodological implications 

The findings support the argument that public external indicators can add value to tactical 

demand planning, but only under specific conditions. The empirical analysis does not 

suggest that external indicators provide a universal solution to demand uncertainty. Instead, 

their usefulness depends on the end-use segment, planning horizon, indicator type, model 

specification, and stability of the relationship across operating regimes. This is consistent 

with the literature reviewed in Chapter two, which positions external indicators as potentially 

useful at the tactical horizon, but also emphasises that their value depends on disciplined 

selection, lead-time behaviour, interpretability, and validation against the relevant planning 

context (Sagaert et al., 2018; Verstraete et al., 2020; Sagaert & Kourentzes, 2026). 

This finding is important because it prevents an overly simplistic interpretation of market 

sensing. The results do not support the view that external macroeconomic or market 

indicators can replace internal demand planning, customer dialogue, or commercial 

judgement. Rather, they show that external indicators can provide structured comparison 

points in selected cells where the relationship between external movement and the direction 

of internal demand is sufficiently stable and interpretable. In other cells, the empirical 

evidence remains too weak, unstable, or ambiguous to support model-based sensing. This 

selective result is not a weakness; it is one of the thesis’s central findings. It shows that 

market sensing must be designed as a differentiated decision-support framework rather than 

as a one-size-fits-all forecasting model. 

The findings also reinforce the importance of end-use-level interpretation. The current-state 

analysis showed that the case company already has internal end-use visibility, but that this 
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visibility is not systematically combined with external forward-looking signals in the 

monthly planning process. The external indicator analysis further shows why this matters: 

different end-use categories may respond to distinct external drivers and exhibit varying 

degrees of model-supported directional usability. Aggregate product-group views can 

therefore conceal commercially relevant movements beneath the total demand number. This 

supports the theoretical argument that aggregation can reduce planning visibility when 

heterogeneous demand segments move in different directions. For tactical sensing, the 

relevant analytical unit is the intersection of product structure, end-use demand, and external 

market drivers. 

The European Product Segment 1 market-volume proxy clarifies this point. The proxy was 

used to test whether public indicators are mainly associated with the total European product-

segment market trajectory, or whether they provide stronger planning value when mapped 

to the company’s internal segmented demand cells. The results support the segmented 

interpretation. The proxy remains useful as a comparison layer, but the main framework 

value appears at the internal product total, product group, and product group × end-use 

levels. This strengthens the theoretical argument that market sensing should be connected to 

the planning structure in which decisions are made, rather than to broad market aggregates. 

A further theoretical implication concerns the distinction between forecasting and market 

sensing. The thesis does not position the framework as an automated forecasting system. 

Instead, it treats external indicators as inputs to market sensing: a process of comparing 

internal demand assumptions with external market conditions and identifying where 

assumptions may require further discussion. This distinction is relevant because tactical 

S&OP decisions often require directional interpretation before precise demand outcomes are 

known. At the three-to-twelve-month horizon, the practical question is frequently not 

whether a model can predict the exact monthly volume, but whether demand pressure 

appears to be strengthening, weakening, or diverging from the internal plan. This supports 

the argument that directional accuracy, turning-point interpretation, and signal divergence 

can be more relevant to tactical decision-making than point-forecast accuracy alone 

(Blaskowitz & Herwartz, 2011; Sagaert et al., 2019). 

The study also contributes to the view of market sensing as an organisational capability 

rather than only an analytical technique. Theory argues that external signals create value 

only when they are detected, interpreted, and embedded into recurring planning routines. 
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The empirical findings support this logic. The current-state analysis showed that the case 

company already has access to market information through business intelligence, strategy 

work, customer dialogue, and commercial experience. The limitation is that these inputs are 

not systematically converted into a recurring demand-planning object. The framework, 

therefore, addresses not only an information problem but also a process-integration problem. 

It translates external readings into artefacts for use before and during the Demand Review. 

This links the thesis to the dynamic capabilities literature, in which sensing is valuable only 

when connected to interpretation and action (Baden-Fuller & Teece, 2020; Aslam et al., 

2018). 

Methodologically, the thesis demonstrates the value of combining constructive research with 

mixed methods in a demand-planning context. A purely quantitative study could have 

evaluated indicator performance but would not have shown whether the resulting outputs 

were usable in the planning process. A purely qualitative study could have identified the 

process gap but would not have tested whether public external indicators contained usable 

directional information. By combining interviews, internal demand analysis, external 

indicator testing, and stakeholder validation, the thesis produces a framework that is both 

empirically informed and organisationally grounded. This supports the constructive research 

logic, in which the contribution lies not only in explaining a problem, but in designing and 

evaluating a practical construction that is linked to theory and assessed for real-world 

viability (Kasanen et al., 1993). 

The use of both ElasticNetCV and XGBoost also has methodological implications. 

ElasticNetCV provides an interpretable regularised modelling approach that is suitable for 

high-dimensional indicator panels and supports transparent variable selection. XGBoost 

provides a complementary non-linear benchmark for cells where linear relationships may be 

insufficient. However, the final framework does not treat the two model families equally. 

ElasticNetCV is the basis for model-supported Tier A and Tier A* classification, while 

XGBoost results are retained as advisory evidence only. They do not constitute an 

independent basis for model-supported classification. This reinforces the thesis’s broader 

position: model outputs should support structured discussion, not automate planning 

decisions. 
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7.2  Managerial implications and scope of applicability 

The main managerial implication is that the case company can improve tactical demand 

planning without replacing its current S&OP process. The current process already contains 

valuable elements: customer input, sales judgement, internal order data, demand planning 

routines, business intelligence, and cross-functional review meetings. The problem is 

narrower. External market information is not yet systematically translated into a recurring 

input for the Demand Review. The proposed framework addresses this gap by adding a 

structured external sensing layer to the existing monthly rhythm. 

The managerial value of the External Market Brief and Demand Pressure Map lies in how 

they support and change the quality of demand discussion. As described in Chapter six, the 

Brief prepares participants with a structured external view before the internal demand 

position is settled, while the Map turns external signal interpretation into product group × 

end-use discussion points during the meeting. Together, the artefacts help shift demand-plan 

challenge from general market sentiment toward named indicators, explicit horizons, tiered 

signal confidence, and structured divergence questions. When internal assumptions and 

external readings differ, the purpose is not to decide automatically whether the model or the 

sales view is correct, but to make the reason for the divergence discussable. 

The framework is most useful in the part of the tactical horizon where internal visibility has 

weakened, but planning actions remain possible. Based on the thesis's empirical logic, this 

is especially the three- to six-month horizon. The nine-month horizon lacked sufficient 

empirical support for final tiering and is therefore retained only as an outer-boundary 

assessment, not as a recurring model-supported framework horizon. This is the point at 

which customer orders and near-term sales input are no longer sufficient on their own, but 

where decisions concerning capacity preparation, curtailment readiness, customer 

prioritisation, inventory positioning, and commercial focus can still be influenced. The 

framework should therefore be understood as a tactical sensing tool, not an operational 

scheduling tool or long-term strategy model. 

The scope of applicability differs by product segment and end-use cell. In Tier A cells, 

external indicators provide model-supported directional sensing and can be used as 

structured evidence in the Demand Pressure Map. In Tier B cells, external indicators provide 

advisory value but require commercial corroboration. In unsupported cells, the framework 
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should defer to commercial intelligence, customer dialogue, and internal planning expertise. 

This tiered logic is important because it prevents overextension. The value of the framework 

depends not on forcing all cells into a model, but on clearly distinguishing where external 

indicator evidence is strong, partial, or insufficient.  

The framework is least useful for highly customer-specific decisions that depend on account-

level contracts, campaigns, product launches, packaging format changes, converter 

inventory positions, or allocation choices that are not visible in public data. For these 

decisions, direct customer intelligence remains essential. The framework should therefore 

be positioned as a complement to customer intimacy, not a substitute for it. 

The External Market Brief and Demand Pressure Map can improve tactical discussions by 

leveraging public data. A more advanced sensing capability would require stronger end-to-

end information sharing with customers, converters, and brand owners. Collaborative 

forecasting, customer-specific demand signals, and shared inventory visibility could add a 

further layer to the framework. In that future state, public external indicators would remain 

useful as a macro-level temperature check, while customer-shared data would provide a 

more direct micro-level view of demand drivers. The current framework can therefore be 

seen as a practical first step toward a more integrated demand-sensing capability. 

The implementation implication is that the framework must earn organisational trust. The 

initial deployment path is specified in Chapter six, but the broader managerial point is that 

adoption is likely to remain limited if the framework is introduced as a black-box model or 

separate reporting layer. Its value depends on being positioned as a transparent discussion 

object that strengthens the existing Demand Review rather than as a tool that replaces 

planning judgement. 

7.3  Limitations and future development 

The thesis has several limitations that affect the interpretation of its findings. First, the study 

is based on a single case company, a single product segment, and a defined European market 

context. This limits direct generalisation of the specific indicator set, model configuration, 

and framework calibration. The broader design logic may be transferable to other upstream 

manufacturing environments, but the empirical results should not be assumed to apply 
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automatically outside the studied context. Other product segments, geographies, or 

industries may require different indicators, lag structures, and validation criteria. 

Second, the quantitative analysis is constrained by the available post-Covid estimation 

window. The thesis explicitly treats the post-Covid period as a changed operating 

environment, but this also means that the most relevant estimation period is relatively short. 

Short samples make it harder to distinguish stable signal relationships from temporary co-

movement. This limitation is especially important for cells where XGBoost identifies 

advisory directional value. Non-linear models may capture useful patterns, but they can also 

be more difficult to interpret and more sensitive to limited training data. The results should 

therefore be interpreted as evidence for a decision-support framework, not as proof of a 

production-ready forecasting model. 

Third, the study relies only on public external indicators. This is appropriate for the thesis 

objective because public indicators are accessible, scalable, and suitable for a first-stage 

sensing framework. However, they cannot capture all commercially relevant demand 

drivers. Public data does not reveal customer-specific campaigns, brand-owner packaging-

format decisions, converter inventory levels, supply-allocation choices, or contract-specific 

behaviour. As a result, public indicators can provide useful macro-level comparison points, 

but they cannot fully explain customer-level demand movement. 

Fourth, the framework has not been implemented over multiple live planning cycles. The 

validation is based on the weak market test: stakeholder assessment of relevance, usability, 

and potential fit with the existing planning process. This is an appropriate validation level 

for a constructive master’s thesis, but it does not demonstrate measured improvement in 

directional accuracy, planning performance, capacity utilisation, margin outcomes, or 

decision speed. A stronger validation would require piloting the External Market Brief and 

Demand Pressure Map in actual Demand Reviews and observing whether they affect 

planning discussions, challenge behaviour, and decision outcomes over time. 

Fifth, the timing of public indicator releases creates an operational constraint. Some 

potentially useful indicators may be published too late, too infrequently, or with revisions 

that reduce their usefulness in a monthly planning cycle. Future development should 

therefore assess not only historical directional usefulness, but also operational availability: 

when the data is published, whether it is revised, how easily it can be automated, and whether 
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it is available before the relevant Demand Review meeting. A theoretically strong indicator 

is not necessarily useful if it cannot be accessed in time for decision-making. 

Sixth, the use of XGBoost introduces an interpretability limitation. ElasticNetCV supports 

relatively transparent interpretation because it produces sparse feature selection and clearer 

links between indicators and the direction of demand. XGBoost can capture more complex 

non-linear relationships, but its outputs are less immediately understandable to business 

stakeholders. If XGBoost-supported cells are retained in the framework, they should be 

accompanied by explainability checks, feature-importance analysis, and clear 

communication of uncertainty. In practical use, such cells should be presented as advisory 

evidence with an obvious limitation regarding interpretability. 

The first two development stages, a manual pilot over selected Demand Review cycles and 

subsequent technical refinement of the indicator panels and models, are specified in Chapter 

Six. The broader future development opportunity is to extend the framework beyond the 

initial public-indicator sensing layer. 

The next stage of development is organisational and data development. The framework could 

be extended by incorporating customer-specific and collaborative data, such as brand-owner 

demand signals, converter inventory information, campaign calendars, order-backlog 

changes, and customer-provided forecasts. Initially, these inputs should function as a micro-

level sensing layer alongside the current macro-level public indicator layer. Their role would 

be to help interpret whether external market signals are reflected in customer-specific 

behaviour, converter activity, or known commercial events. Over time, if these data sources 

become sufficiently standardised, timely, and reliable, they could also be incorporated into 

the modelling logic as additional explanatory features. This would allow the framework to 

evolve toward a richer hybrid sensing model that combines macro-level external indicators 

with micro-level customer and supply-chain intelligence. 

The final development stage is automation and AI-assisted market sensing. Once the 

framework has been piloted manually and integrated into the monthly planning rhythm, it 

could be implemented with automated indicator updates, exception flags, and standardised 

artefact generation. AI could later support the framework by generating narrative summaries, 

identifying unusual movements across end-use cells, and proposing preliminary 

explanations for divergence between internal demand assumptions and external market 
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readings. Such functionality should remain transparent and human-in-the-loop. AI-generated 

explanations would need to be traceable to named indicators, historical model performance, 

and commercial context before being used in planning discussions. The role of automation 

and AI would therefore be to scale interpretation and reduce manual effort, not to replace 

S&OP judgement or automatically revise the demand plan. 

For the case company, the practical implication is primarily organisational. The framework’s 

value depends on how it is introduced: as a transparent, recurring discussion object within 

the existing monthly cycle, not as a separate model or reporting layer. Used selectively, and 

with its limitations made explicit, it gives demand planners and commercial teams an earlier 

and more structured basis for questioning their demand assumptions, while leaving the final 

interpretation in human hands. 
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8  Conclusions 

This thesis developed and evaluated a driver-based market-sensing framework for tactical 

S&OP demand planning in an upstream packaging manufacturing context. The objective 

was to examine how public external market indicators can be structured into planning-

relevant intelligence to support directional interpretation of demand pressure over the 3–12-

month tactical horizon. The thesis was motivated by a practical planning problem: the case 

company has detailed internal demand data, established monthly planning routines, and 

strong commercial knowledge, but it lacks a systematic external sensing layer that helps 

assess whether demand pressure is likely to strengthen, weaken, or diverge before such 

movements are fully visible in internal orders. 

The study employed a constructive research approach, combining qualitative process 

diagnosis, quantitative external indicator analysis, and practitioner validation. The resulting 

construction is a driver-based market-sensing framework operationalised through two 

artefacts: the External Market Brief and the Demand Pressure Map. These artefacts are not 

designed to replace the existing S&OP process, internal demand planning, sales judgement, 

customer collaboration, or product-line expertise. Instead, they provide a structured external 

comparison layer that makes demand assumptions more transparent, evidence-based, and 

discussable within the existing process. 

The first sub-question asked: What are the key demand dynamics, signal delays, and tactical 

planning limitations in the current S&OP process, and how do they vary across end-use 

segments? 

The current S&OP process was found to be operationally functional at short horizons. 

Customer conversations, sales input, order inflow, historical run rates, and monthly forecast 

updates provide useful information for near-term coordination. The main limitation appears 

when the planning horizon extends beyond immediate customer visibility. At the 3–12-

month tactical horizon, the organisation must make capacity, inventory, commercial, and 

prioritisation decisions before demand changes are fully visible in the order book. 

The diagnostic analysis showed that the internal demand signal is detailed but structurally 

limited. Internal demand data is affected by the company’s upstream position in the value 
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chain, where converter and merchant orders may reflect inventory behaviour, replenishment 

timing, supply expectations, allocation concerns, or project-specific timing rather than only 

final end-market consumption. During constrained periods, realised volumes may also 

reflect available capacity and allocation decisions rather than unconstrained market demand. 

In addition, aggregate product-segment or product-group views can hide diverging 

movements across end-use categories. 

The key planning limitation is therefore not the absence of internal data or end-use 

knowledge. The company already has planning-relevant classifications, commercial 

expertise, and customer-facing insight. The gap is that this internal structure is not 

systematically combined with external forward-looking indicators in the monthly planning 

routine. This creates a tactical sensing gap: the process can often explain what has already 

happened, but it has less structured support for assessing whether end-use demand pressure 

is likely to continue, reverse, or intensify. 

The second sub-question asked: Which public external indicators provide stable leading 

content for end-use demand trend direction at the 3–12-month horizon? 

The external indicator analysis showed that public indicators can provide useful directional 

content, but only selectively. Their value is concentrated in selected target levels, product 

groups, end-use cells, and horizons. The strongest value appears at the internal product-total, 

product-group, and product-group × end-use levels rather than at the broader European 

market proxy level. This supports the thesis’s segmented market-sensing logic: Public 

indicators are best as a selective sensing layer for internal planning, comparing external 

market pressures with internal demand assumptions, not as a general market-forecasting tool. 

The horizon pattern was also differentiated. At h+1, external indicators did not provide 

meaningful value over the persistence benchmark, confirming that the framework should not 

be positioned as a near-term order-forecasting tool. At h+3, selected cells showed useful 

near-term tactical sensing value. At h+6, the external indicator framework showed the 

broadest usefulness across product totals and several product group × end-use cells, making 

it the primary horizon of interest. At h+9, the models did not outperform the persistence 

benchmark on average; the horizon was excluded from the final classification and retained 

only for outer-boundary assessment. 
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The final strict-core signal-usability classification produced six model-supported Tier A/A* 

cells, including one Tier A* cell with a specific data-history caveat, eight Tier B cells, no 

Tier C cells, and one Tier D target. Tier A/A* cells represent model-supported signals in 

which directional performance and indicator stability support recurring use of the 

framework. Tier B cells provide advisory value but require commercial corroboration. For 

the Tier D target, no meaningful model-supported external signal was identified. The broader 

European Product Segment 1 market-volume proxy falls outside the tier classification 

altogether and is retained as a diagnostic benchmark. 

The most stable indicator themes were producer and consumer prices, consumption 

expenditure, trade flows, retail activity, and policy uncertainty. Recurring indicator concepts 

included the Non-Domestic Producer Price Index for pulp, paper, and paperboard; HICP 

consumer price indices; retail sales volume for food, beverages, and tobacco; final 

consumption expenditure indicators; EU paperboard trade flows; and the Economic Policy 

Uncertainty Index. These indicators are useful because they capture changes in consumer 

purchasing conditions, retail activity, value-chain price pressures, trade conditions, and 

macroeconomic uncertainty before such developments are fully reflected in the company’s 

internal demand data. 

The third sub-question asked: How should external market signals be structured and 

integrated into S&OP processes to support planning decisions at the tactical horizon? 

The thesis concludes that external market signals should be structured as a process-integrated 

sensing routine. The External Market Brief should be used before the Demand Review to 

summarise cross-cutting external indicators, current demand-pressure readings, priority 

watch items, and internal-plan-versus-external-signal comparisons. Its purpose is to prepare 

participants with a shared external view before internal demand assumptions are discussed. 

The Demand Pressure Map should be used during the Demand Review as the central 

discussion artefact. It translates the external sensing logic into a product group × end-use 

matrix, showing where internal plan direction and external signal direction are aligned, 

mixed, divergent, advisory, or unsupported. Each signal should be horizon-explicit and 

tiered. Tier A/A* cells can be used as model-supported external comparison points. Tier B 

cells should be treated as advisory and require commercial corroboration. Unsupported cells 
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should defer to sales, customer, and product-line intelligence rather than forcing unsupported 

model-based claims. 

The framework should therefore be embedded into the existing monthly S&OP rhythm: the 

Brief before the Demand Review, the Map during the Demand Review, and the resulting 

discussion outputs into supply planning, commercial follow-up, and management review. 

This integration is important because external indicators create value only when they are 

interpreted through organisational routines. The framework’s role is to make external 

demand pressure visible, structured, and discussable. 

The main research question asked: How can public external market indicators be structured 

into a driver-based market-sensing framework to support tactical demand planning and 

decision-making in the S&OP process? 

The answer is that public external market indicators can support tactical S&OP decision-

making when structured into four connected layers. First, they must be linked to the 

company’s planning-relevant hierarchy, including product segment, product group, and 

product group × end-use cells. Second, they must be evaluated for horizon-specific 

directional usefulness, stability, and interpretability rather than selected only based on in-

sample correlations. Third, the resulting signals must be classified into usability tiers so that 

the organisation can distinguish model-supported signals from advisory or unsupported 

areas. Fourth, the signals must be embedded into recurring planning artefacts that support 

shared interpretation before and during the Demand Review. 

The resulting framework is therefore a selective and transparent market-sensing capability. 

It converts public external indicators into structured directional inputs, compares them 

against internal demand-plan assumptions, and creates discussion points where the internal 

and external views diverge. Its contribution lies in improved decision readiness rather than 

automated forecasting. By making external demand pressure visible at the tactical horizon, 

the framework helps the organisation discuss whether current planning assumptions remain 

consistent with broader market evidence. 

The thesis contributes to theory by positioning market sensing as a process-integrated 

organisational capability rather than only an analytical technique. It extends S&OP and IBP 

literature by showing how public external indicators can be embedded into planning routines 

without requiring a full process redesign. It also contributes to the demand-planning 
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literature by demonstrating that public indicators should be evaluated not only by model 

performance but also by directional usefulness, stability, horizon relevance, and suitability 

for managerial interpretation. 

The managerial contribution is the practical framework itself. The External Market Brief and 

Demand Pressure Map provide a concrete way to add external market intelligence to the 

existing monthly planning rhythm. They help demand planning, sales, product-line 

stakeholders, and supply-chain participants discuss demand assumptions using a common 

external reference point. The framework is especially useful where internal visibility 

weakens, but tactical decisions concerning capacity, inventory, customer prioritisation, and 

commercial action remain possible. 

The thesis also has clear limitations. It is based on a single-case company, a single product 

segment, and a European market context, which limits the direct generalisation of the 

specific indicator set and model configuration. The post-Covid estimation window is 

relatively short, public indicators cannot capture customer-specific campaigns or converter 

inventory behaviour, and the framework has been validated through a weak market test 

rather than live implementation over multiple planning cycles. These limitations mean that 

the framework should be interpreted as a validated design, construction, and decision-

support logic, not as a production-ready forecasting system. 

Future development should proceed through implementation and learning. The immediate 

next steps are the manual pilot and technical refinement. Broader development opportunities 

include the integration of collaborative micro-level data, such as customer forecasts, 

campaign information, converter inventory signals, and brand-owner input, as well as 

transparent human-in-the-loop automation. These developments support S&OP judgement. 

The thesis concludes that tactical market sensing is most useful when external indicators are 

applied selectively and translated into planning-relevant discussion objects. Public indicators 

do not provide a universal forecasting solution, but they can strengthen tactical demand 

planning when combined with internal demand data, customer intelligence, and commercial 

judgement. The main contribution of the framework is therefore a structured external 

comparison layer that helps the organisation interpret emerging pressure on demand before 

it becomes fully visible in internal orders.  
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Appendix 

Appendix 1. Interview themes - structure 

Decision context and the tactical horizon 

• Typical tactical decisions across the 3–12-month horizon, and the key inflexion points in the 

S&OP and commercial cycle 

• The confidence horizon: how far ahead a reliable reading holds, and what breaks it down 

Market reading and information sources 

• Sources relied upon, formal and informal, and where they fall short; whether the mix has 

changed in recent years 

• How far the process is tuned to external market movement versus internal order signals, and 

the principal blind spots 

Customer behaviour and signal quality 

• Inventory-driven distortion of the order signal: batching, stock run-down, sharp re-ordering 

on recovery 

• Can genuine end-use demand be distinguished from inventory behaviour, and how? 

• Customer forecasts, and their dependence on pack-type, channel and format mix 

• Customer types or segments where the signal is consistently more reliable, or more distorted, 

than average 

• The horizon at which forward visibility into actual ordering becomes uncertain 

Volume, segments and the netting effect 

• Opposing end-use movements that cancel at the product-group level: observed in practice, 

and how handled? 

Market operating rate and structural movement 

• Market operating rate read as a demand, price or supply signal, and the thresholds at which 

it acts 

• Medium-horizon structural shifts: consolidation, substrate substitution, regulation, new 

capacity, tariffs 

Integration and process development 

• The level at which external intelligence should be integrated: pre-reads, the Demand Review, 

or another forum, and why 

• Weak Market Test 

Closing 

• The single most valuable addition the framework could bring to the process as it stands 

• One change to how the process currently uses external market intelligence 

 


