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ABSTRACT

The Bullwhip Effect (BWE), defined as the amplification of demand variability as orders
move upstream in a supply chain, remains a fundamental challenge in supply chain
management. While extensive theoretical studies have explored its causes and
consequences, empirical analyses at the industry level remain limited. Many assumptions
regarding BWE’s effects on inventory management, production efficiency, and labor
stability have not been thoroughly tested across different industries. This dissertation
addresses this gap by analyzing industry-level data to examine the key drivers of BWE,
assess its impact during systemic disruptions such as COVID-19, and propose advanced

forecasting techniques to mitigate its effects.

This study first evaluates the adverse effects of BWE across industries by analyzing key
supply chain performance indicators, including inventory levels, backorders, overtime
hours, job losses, and capacity utilization. The findings reveal that industries do not
respond to BWE uniformly. While conventional theories suggest that inventory
smoothing reduces BWE, empirical evidence indicates that this is not consistently
observed across industries. Similarly, backordering, often assumed to amplify demand
fluctuations, does not significantly contribute to BWE, whereas job loss rates exhibit a
stronger correlation. These findings highlight that traditional assumptions about BWE’s
effects do not hold universally and that industry-specific approaches are required for

effective mitigation.

The second part of the research examines the role of importation in exacerbating BWE.
While extended lead times are often blamed for amplifying demand variability, this study
finds that lead time alone does not necessarily drive BWE. Instead, factors such as
information distortion, supply chain rigidity, and demand signal misinterpretation play

more significant roles. This suggests that rather than prioritizing nearshoring or reshoring



as a blanket solution, firms should focus on strengthening supply chain collaboration and

real-time information sharing to mitigate demand amplification.

The dissertation also investigates the impact of the COVID-19 pandemic on BWE using
industry-level data. By comparing pre-pandemic and pandemic-era data, the findings
demonstrate that BWE significantly intensified during the crisis, particularly in industries
with high demand uncertainty and limited supply chain flexibility. These results
underscore the importance of proactive risk management strategies to enhance supply

chain resilience in future disruptions.

To address these challenges, the final part of this research explores the effectiveness of
advanced forecasting methods in mitigating BWE. Traditional forecasting techniques
often fail to capture nonlinear demand patterns, contributing to demand signal distortions.
This study demonstrates that machine learning models, specifically Long Short-Term
Memory (LSTM) networks and LightGBM, significantly improve forecast accuracy,
reduce demand amplification, and enhance inventory stability. The findings suggest that
integrating Al-driven forecasting methods into supply chain management practices can

mitigate BWE and improve operational efficiency.

This dissertation makes several contributions to supply chain management literature by
empirically testing the impact of BWE across industries, mapping its key drivers, and
evaluating the effectiveness of machine learning-based forecasting methods. The results
challenge traditional assumptions about BWE, demonstrating that industries respond
differently to its effects and that lead time is not the sole determinant of demand
amplification. The findings emphasize the importance of real-time data sharing,
digitalization, and collaborative forecasting rather than solely focusing on structural
supply chain adjustments. By providing practical recommendations for mitigating BWE,
this research offers valuable insights for both academia and industry professionals,
guiding the development of more resilient supply chains in an increasingly volatile global

market.
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OZET

Bu tez, Kamg1 Etkisi’nin tedarik zinciri performansi tizerindeki etkilerini incelemektedir.
Kamg1 Etkisi, sipariglerin tedarik zinciri boyunca yukar1 yonlii hareket ederken talep
degiskenliginin artmasi olarak tanimlanmaktadir. Literatiirde bu etkinin nedenleri ve
sonuclar1 genis capta tartisilmis olsa da endiistri diizeyinde yapilan ampirik ¢aligmalar
siirhidir. Ozellikle stok yonetimi, {iretim verimliligi ve is giicii dinamikleri iizerindeki
etkileri her sektdr i¢in yeterince incelenmemistir. Bu tez, endiistri verilerini analiz ederek
Kamg1 Etkisi’nin temel belirleyicilerini ortaya koymayi, kriz donemlerinde nasil
degistigini degerlendirmeyi ve bu etkiyi azaltmaya yonelik gelismis tahmin yontemleri

sunmay1 amac¢lamaktadir.

Calismada ilk olarak, Kamg1 Etkisi’nin farkli sektorlerde yarattigi olumsuz etkiler analiz
edilmistir. Stok seviyeleri, geri siparis oranlari, fazla mesai saatleri, is giicli kayiplar1 ve
kapasite kullanim oranlar1 gibi tedarik zinciri performans gostergeleri incelenmistir. Elde
edilen bulgular, tiim sektorlerin Kamg¢i1 Etkisi’nden ayni sekilde etkilenmedigini
gostermektedir. Stok yonetiminin her zaman talep dalgalanmalarini azaltmadigi, geri
siparis uygulamalarmin ise beklenildigi gibi Kam¢1 Etkisi’ni artirmadigi goriilmistiir.
Ancak is giicii kayiplarinin Kame1 Etkisi ile gii¢lii bir iliski i¢inde oldugu belirlenmistir.
Bu sonuglar, Kamg1 Etkisi’nin etkileri hakkinda genel geger kabul edilen varsayimlarin

her sektor i¢in gegerli olmadigini ortaya koymaktadir.

Aragtirmanin ikinci boliimiinde, ithalat bagimliligiin Kamgi1 Etkisi iizerindeki rolii
incelenmistir. Uzun tedarik siirelerinin talep dalgalanmalarini artirdigi diisiiniilse de
analizler tedarik siiresinin tek basma Kamg¢i Etkisi’ni artirmadigini gostermektedir.
Bunun yerine, bilgi paylasimmin eksikligi, tedarik zinciri esnekliginin yetersizligi ve
yanlis talep sinyallerinin daha 6nemli oldugu belirlenmistir. Bu bulgular, sirketlerin
yalnizca tedarik siirelerini kisaltmaya odaklanmak yerine, tedarik zinciri is birligini ve

bilgi paylasimini artirmalar1 gerektigini gostermektedir.



Tezde ayrica, COVID-19 pandemisinin Kamg¢i1 Etkisi {izerindeki etkileri endiistri
diizeyinde analiz edilmistir. Pandemi, kiiresel tedarik zincirlerinde ciddi aksakliklara
neden olmus ve talep dalgalanmalarini artirmigtir. Pandemi dncesi ve pandemi dénemi
verileri karsilastirildiginda, talep belirsizligi yliksek olan sektdrlerin Kamg1 Etkisi’nden
daha fazla etkilendigi goriilmiistiir. Bu sonuglar, kriz donemlerinde tedarik zincirlerinin
dayanikliligin1 artirmak i¢in risk yonetim stratejilerinin uygulanmasinin 6nemini ortaya

koymaktadir.

Bu zorluklari ele almak amaciyla, ¢galigmanin son boliimiinde Kamgi1 Etkisi’ni azaltmaya
yonelik gelismis tahmin yontemleri incelenmistir. Geleneksel tahmin ydntemleri,
dogrusal olmayan talep desenlerini yakalamakta yetersiz kalmakta ve yanlis talep
sinyallerine neden olarak Kamg1 Etkisi’ni artirmaktadir. Bu tez, makine 6grenmesi tabanl
tahmin yOntemlerinin Kamg¢1 Etkisi’ni azaltmada etkili oldugunu gostermektedir.
Ozellikle Uzun Kisa Siireli Bellek (LSTM) ve LightGBM modellerinin tahmin
dogrulugunu artirarak talep dalgalanmalarini azalttigr ve stok yonetimini iyilestirdigi

belirlenmistir.

Bu tez, Kamg¢1 Etkisi’nin endiistriler iizerindeki etkilerini ampirik olarak inceleyerek,
belirleyici faktorlerini ortaya koymakta ve etkili tahmin yontemleri sunmaktadir. Elde
edilen bulgular, geleneksel varsayimlarin her sektdr icin gegerli olmadiginm
gostermektedir. Tedarik stiresinin Kamg1 Etkisi’'ni dogrudan belirleyen bir faktor
olmadigi, ancak bilgi paylasiminin ve tedarik zinciri is birliginin biiylik 6nem tasidig:
belirlenmistir. Calismada sunulan bulgular, Kamg¢i Etkisi’nin olumsuz etkilerini
azaltmaya yOnelik stratejiler gelistirmek isteyen tedarik zinciri yoneticileri igin yol

gosterici niteliktedir.
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1. INTRODUCTION

The well-known Bullwhip Effect (BWE), or demand amplification, is a significant supply
chain phenomenon first conceptualized by Forrester (1961) in his systems dynamic
simulation analysis. His findings revealed that small fluctuations in customer demand can
lead to disproportionate increases in production rates, subsequently resulting in
backorders, excess inventory, and capacity underutilization at upstream levels. Forrester’s
pioneering work provided a foundation for understanding the complex feedback loops

inherent in supply chain systems.

Building on these insights, Sterman (1989) introduced the Beer Distribution Game, a role-
playing simulation that modeled supply chain decision-making across different tiers—
retailer, wholesaler, distributor, and manufacturer. Regardless of participants’ expertise
or background, the game consistently demonstrated that demand and inventory
fluctuations were amplified at each stage, highlighting that the Bullwhip Effect is not
merely a result of individual decision errors but rather a structural characteristic of supply

chains.

Early analytical research on BWE originated with Kahn (1987), who developed a
production decision model under serially correlated demand. His findings suggested that
even an optimal production strategy could result in higher variance in production than in
actual sales, due to the inherent tendency of firms to adjust production levels based on
forecasted rather than actual demand. Lee et al. (1997) extended this analysis by
incorporating inventory management, price fluctuations, and order batching,
demonstrating that even in the absence of lead time delays, repeated forecasting at

different supply chain levels can independently generate BWE.

Following the establishment of theoretical models, empirical studies sought to validate



the prevalence and cost implications of BWE across industries. Metters (1997) and Chen
and Lee (2012) confirmed its presence in real-world supply chains, while subsequent
research by Shan et al. (2014), Isaksson and Seifert (2016), and Zhao et al. (2019),
quantified its financial and operational consequences, such as higher inventory holding

costs, increased production variability, and service level inefficiencies.

Despite these well-documented adverse effects, the overall impact of BWE on firm
performance remains debated. Studies such as (Mackelprang and Malhotra 2015) and
(Baron et al. 2018), suggested that, in some contexts, BWE does not necessarily reduce
profitability, as firms may find it more cost-effective to tolerate demand fluctuations
rather than invest in mitigation strategies. These findings challenge the traditional notion
that BWE is inherently detrimental, highlighting the need for a nuanced, industry-specific

approach to understanding and addressing demand amplification.

Quantifying the true economic impact of BWE poses two major challenges. First,
defining the scope of adverse effects is inherently complex, as some associated costs (e.g.,
demurrage fees due to excess warehousing) may not be directly captured in traditional
inventory cost models. Such indirect consequences often materialize in aggregate
financial metrics like gross margin or total supply chain cost, making causal attribution
difficult. Second, isolating inefficiencies directly caused by BWE remains problematic.
Standard supply chain performance indicators are influenced by multiple decision-
making factors and external shocks, leading to confounding effects that obscure the

precise contribution of demand amplification.

To address these challenges, this dissertation examines BWE at an industry level,
systematically investigating its drivers, impacts, and mitigation strategies. This research

is structured around four key studies:

1. Industry-Level Effects of BWE: This study evaluates how inventory days,
backorders, overtime hours, gross job loss rates, and capacity utilization rates
correlate with BWE across different industries. While theoretical research
suggests that inventory accumulation and backorders should exacerbate BWE,
empirical evidence at the industry level remains limited. By analyzing industry-
specific data, this study provides a refined understanding of the real-world

implications of BWE and identifies sectors that exhibit natural mitigation



mechanisms such as production smoothing.

2. Impact of Importation on BWE: Global supply chains increasingly rely on
imported intermediate inputs, yet the relationship between import dependency and
BWE remains underexplored. This study investigates whether longer lead times
and reliance on foreign suppliers contribute to greater demand amplification.
Importation also influences information flow and financial transactions, as firms
must navigate customs regulations, supplier coordination, and payment
mechanisms that impact demand variability and risk management strategies.

3. The Role of COVID-19 in Amplifying BWE: The pandemic created
unprecedented disruptions in global supply chains, exposing vulnerabilities in
demand forecasting, supply responsiveness, and inventory management. This
study analyzes pre-pandemic vs. pandemic-era data to assess the extent to which
COVID-19 intensified BWE across industries. By identifying the sectors most
affected, the study offers recommendations for improving supply chain resilience
against future crises.

4. Mitigating BWE through Advanced Forecasting Techniques: Recognizing the
persistent nature of BWE despite advancements in ERP systems and digital
collaboration tools, this research explores machine learning-based forecasting
methods, including Long Short-Term Memory (LSTM) and LightGBM models.
These techniques are tested against traditional time-series models in an order-up-
to inventory control framework, with a focus on variance reduction, order

fulfillment rates, and inventory stability.

This dissertation introduces new datasets and variables that provide a more
comprehensive representation of both the adverse effects and contributing factors of
BWE. The methodological framework is designed to bridge gaps in empirical research,
particularly by integrating high-granularity firm-level data with broader industry-wide

panel datasets.

By leveraging advanced statistical modeling, trend analysis, and forecasting simulations,
this research contributes to the ongoing academic debate on BWE prevalence, its impact
on supply chain performance, and the effectiveness of modern mitigation strategies. The
findings offer practical implications for supply chain professionals, policymakers, and

researchers seeking data-driven approaches to manage demand amplification.



Ultimately, this dissertation aims to enhance supply chain resilience by providing
empirical evidence, industry-specific insights, and actionable forecasting solutions to

combat the persistent challenges posed by the Bullwhip Effect.

The remaining sections of this thesis are structured as follows. Section 2 presents a
comprehensive literature review on the Bullwhip Effect (BWE), detailing its theoretical
foundations, adverse impacts, and empirical studies. This section also explores the
causality between key supply chain factors and BWE, covering aspects such as lead time,
lead time variance, supply disruptions, inventory management, ordering costs,

information sharing, and financial flow mechanisms that influence demand amplification.

Section 3 outlines the methodology employed in this study, beginning with data
acquisition and indicator definition, followed by the criteria for eligibility of observations
to ensure robust analysis. It further describes data estimation techniques, including
inferring production from sales and inventory data, logging, and differencing
adjustments, to ensure comparability across industries. The correlation analysis
framework is introduced to examine key relationships, alongside trend assessments using
Mann-Kendall analysis. Additionally, this section details the forecasting methodology
employed to establish a baseline for the COVID-19 period, incorporating models such as
SARIMA, Prophet, RNN, and LSTM.

Section 4 introduces the propositions tested in this study, investigating how inventory
levels, backorders, labor intensity, capacity utilization, and reliance on imported inputs
impact BWE. This section also examines the long-term trend of BWE and the extent to

which the COVID-19 pandemic exacerbated demand amplification across industries.

Section 5 presents the empirical results, systematically evaluating each proposition. This
includes findings on the relationship between inventory smoothing and BWE, the role of
backorders and job losses, the impact of capacity utilization, and the effect of importation
reliance. The results further reveal that while some industries experience strong BWE
effects, others exhibit mitigating mechanisms such as production smoothing.
Additionally, a comparative analysis of forecast model performance and amplification
ratios during the COVID-19 period is included to assess industry-level susceptibility to

demand shocks.

Section 6 discusses the managerial implications derived from the findings. It highlights



that not all industries respond to BWE in the same manner, challenging conventional
assumptions about inventory and backorder relationships. The discussion emphasizes best
practices from industries that effectively mitigate BWE and recommends focusing on
supply chain collaboration and information sharing rather than simply reducing lead times
through nearshoring. The persistence of BWE, despite advances in information
technology, suggests that current digital tools are insufficient, necessitating the adoption

of Al-driven decision-making and collaboration platforms.

Section 7 introduces advanced forecasting methods designed to mitigate BWE,
addressing the limitations of conventional forecasting techniques. This section explores
machine learning-driven predictive models that enhance demand accuracy and supply
chain performance. It covers key forecasting techniques, including lead-time demand
calculations, safety stock optimization, and order-up-to-level inventory control, along
with the evaluation of their impact on variance reduction, order fulfillment rates, and
inventory stability. The results of one-step-ahead vs. multi-step-ahead forecasting models

are also compared to determine their effectiveness in reducing demand volatility.

Finally, Section 8 concludes the thesis by summarizing its key contributions, addressing
its limitations, and proposing future research directions. It reflects on the practical
implications for supply chain resilience and the potential for further advancements in Al-
driven forecasting models. The thesis concludes with a list of references and a

biographical sketch of the author.



2. LITERATURE REVIEW

This section provides a comprehensive review of the literature on the BWE, starting with
its definition, historical origins, and key theoretical contributions. The discussion then
extends to the adverse effects of BWE, drawing from empirical findings that link demand
amplification to higher operational costs and inefficiencies in planning across industries.
Given the definition of BWE, the relationship between production smoothing and order
variability is also explored, considering conflicting evidence on whether inventory

investments mitigate or exacerbate demand fluctuations.

The second half of the literature review delves into empirical studies that have measured
BWE across different contexts, supply chain structures, and industry settings. This
includes discussions on data granularity, aggregation effects, and measurement
methodologies, which have influenced the interpretation and generalizability of BWE

research.

The causality between key supply chain factors and BWE is examined, with a focus on
lead time, supply disruptions, ordering policies, information sharing, and financial
constraints. The relationships between these contributing factors and BWE are
summarized and visually represented in Figure 2.1, which serves as a conceptual

framework for subsequent analysis.

2.1 Definition of Bullwhip Effect

Lee et al. (1997) define the BWE as the rapid increase in the volatility of orders as demand
is transmitted upstream in a supply chain, from the end customer to the supplier. They
assert that the flow of information, limited to sales orders, tends to be distorted, leading
to misinterpretations by upstream parties in their inventory and production decisions. This

distortion often results in inefficiencies and increased costs as upstream parties



overcompensate for perceived demand variability. In another paper, (Lee et al., 1997)
define BWE as “the phenomenon where orders to the supplier tend to have larger variance
than sales to the buyer.” This definition implies that demand is distorted as it propagates
through upper echelons, counteracting the aggregation effect, and causing a magnification

of demand fluctuations.

The term "Bullwhip Effect," also known as the "whiplash" or "whipsaw" effect in some
industries, was coined by managers at Procter & Gamble while examining the demand
for Pampers disposable diapers. They observed greater fluctuations at the manufacturing
level, despite assuming stable demand (Lee et al., 1997). This observation highlighted
how even products with relatively predictable consumer demand could experience
significant variability in order quantities as they moved upstream in the supply chain.
Hammond (1994) introduced a real case where increasing weekly demand fluctuations
began straining logistics operations. They discussed contributing factors such as
promotions, inventory policies of distribution centers, and full truckloads, along with
solutions like information sharing and Vendor Managed Inventory (VMI), as well as
challenges like uncooperative distributors. These case studies underscore the practical

implications of BWE and the importance of strategic interventions to mitigate its effects.

However, the phenomenon itself was discovered earlier by (Forrester 1961). Following
Simon (1952) work on the dynamics of production control, Forrester studied BWE
through systems dynamic simulation analysis and termed it “demand amplification.”
Forrester demonstrated that while the system is in balance, a 10% increase in demand can
lead to a 50% fluctuation in the production rate at the factory level, illustrating the
significant impact on orders and inventory levels across the supply chain. This
foundational work laid the groundwork for understanding the systemic nature of BWE

and its potential to disrupt supply chain stability.

Sterman (1989), building on Forrester's work, simulated the BWE using the "Beer
Distribution Game" to study the behavioral and structural complexities of decision-
making in supply chains. In this game, a demand shock initiated by the consumer causes
orders to spiral out of control throughout the supply chain. This effect is considered an
overreaction to demand amplification by decision-makers. The amplification and phase
lags in ordering increase steadily the further upstream one moves in the supply chain.

Thus, the definition of BWE based on the beer game cannot be generalized to mean just



increasing variance in a supply chain but rather increasing variance in response to demand
shocks. Despite its limitations, the beer game provides valuable insights into the
behavioral responses contributing to BWE, highlighting the role of human decision-

making and system feedback loops in exacerbating demand variability.

2.2 Adverse Effects of Bullwhip Effect

Whether defined as an overreaction to demand signal processing shocks or an inevitable
consequence of supply chain structure, BWE creates artificial demand variance with no
added value to final consumers, affecting all planning activities in the supply chain. The
detrimental effects of BWE resemble those of forecast errors. Holt ef al. (1955) reported
forecast error costs in manufacturing environments as financial costs, obsolescence costs,
holding costs due to excess inventory, lost sales, penalties due to backorders, and
increased setup, overtime, hiring, and layoff costs to address fluctuations. These cost
items are summarized as outcomes of BWE by Lee et al. (1997), highlighting the broad

range of inefficiencies that BWE can introduce into supply chain operations.

Anecdotal evidence of inefficiencies caused by BWE (Lee et al., 1997) (Hammond 1994)
and savings estimates from collaborative supply chain initiatives to alleviate its effects
(Wood 1993) (Lee et al., 1997) suggest significant improvement opportunities. These
studies provide concrete examples of how firms have successfully implemented strategies
to mitigate BWE, such as better information sharing and coordinated inventory
management practices. However, these case studies suffer from publication bias and do
not provide a comprehensive view of the phenomenon (Isaksson and Seifert 2016). The
selective reporting of successful interventions may overstate their effectiveness and fail

to account for the complexity and variability of supply chain environments.

Conversely, McCullen and Towill (2002) noted that supply chain managers often
underestimated or overlooked the adverse effects of BWE, leading to negligence of the
phenomenon in some industries. This underestimation can result in a lack of proactive
measures to address BWE, exacerbating its negative impacts. To address this sampling
problem, researchers conducted numerous empirical analyses with panel data to observe
the prevalence of BWE and its anticipated adverse effects over time. These large-scale
studies aim to provide a more comprehensive and unbiased understanding of BWE's

impact across different sectors and supply chain configurations.



2.3 Production Smoothing

The earliest empirical studies contributing to BWE literature are rooted in discussions
about whether inventory has a smoothing or destabilizing effect. Holt et al. (1960)
suggested that the costs of production, moving production, and deviating from target
inventory levels lead planners to practice production smoothing. However,
macroeconomic studies often conflict with this rationale, indicating that the relationship

between inventory management and production variability is more nuanced.

Building buffer stock helps minimize supposedly convex production costs by allowing
larger quantities to be produced with fewer setup costs. As Blinder (1982) suggested, this
is a third option to address demand shocks after increasing prices or production rates. It
involves investing in inventory to gain more flexibility, which can be a strategic response

to demand variability.

Holt et al. (1968) measured fluctuations as mean absolute deviations from the average
flow value to find empirical evidence of production smoothing in macroeconomic data.
They studied the television industry, which had low component diversity, showing no
significant increase in fluctuations at different supply chain levels for television sets
between 1950 and 1960. However, decomposing the data into seasonal, cyclical, and
random components revealed amplified fluctuations in the cyclical and random
components, while the seasonal component showed mixed results. This decomposition
approach provides a more granular understanding of how different types of variability

contribute to overall production smoothing.

Blanchard (1983) compared the variance of production of U.S. car manufacturers and the
sales of their dealers between 1966 and 1979 using a similar decomposition method.
Results showed that production variance was larger than sales variance in both cyclical
and seasonal components, aligning with Holt et al. (1968). On the other hand, Mollick
(2004) used Japanese automotive industry data (1985-1994) and found that production
variance was generally less than sales variance, possibly due to different manufacturing
philosophies and the early adoption of lean manufacturing principles in Japan. This cross-
cultural comparison highlights how different production and inventory management

strategies can influence the manifestation of BWE.
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Beason (1993) also reported that sales variance exceeded production variance in nearly
all 40 Japanese industries between 1970 and 1985. This divergence from U.S. data could
be attributed to differences in labor practices, such as hiring and firing, instead of building
buffer stock to address demand shocks. Such variations underscore the importance of

considering contextual factors when analyzing BWE.

Blinder et al. (1981) observed that the variance of deliveries to retailers exceeded the
variance of actual sales in the U.S. retail industry between 1959 and 1980, suggesting that
production smoothing (or delivery smoothing) did not apply to retail dynamics. Caplin
(1985) attempted to explain this conflict by showing that an (S, s) inventory policy
adopted by retailers generated more variance than actual demand. This finding suggests

that certain inventory policies may inadvertently exacerbate BWE.

Kahn (1987) proposed a production decision model under serially correlated demand,

demonstrating that even optimal production solutions result in more variance than sales.

His model, based on Equation 1, where y is production, z is actual sales, Aa is the
increment in inventory to replenish it to the target level showed that variance in
production could not be smaller than sales variance unless there was a negative correlation
between actual sales in the previous period and expected future sales. This model provides
a theoretical basis for understanding how production decisions can amplify demand

variability.

var(y) = var(z) + var(4a) + 2cov(z_,,4a) (1)

Blinder and Maccini (1991) questioned the contradiction between macroeconomic and
microeconomic theories over inventory, asking if inventory destabilizes the
macroeconomy while stabilizing the microeconomy. They found that production variance
always exceeded sales variance across industries (retail, wholesale, manufacturing)
between 1959 and 1986, challenging the rationale for production smoothing. This
contradiction highlights the complexity of inventory management and its broader

economic implications.

Bray and Mendelson (2015) introduced a new course in the discussion by proposing a

measure of production smoothing performance apart from variance comparisons. They



11

modeled a production and forecasting environment using sales, inventory, price, and
confidence index data related to the automotive industry. Their results showed that BWE
and production smoothing could coexist, indicating that traditional variance measures
might not fully capture the dynamics of production smoothing. This innovative approach
provides new insights into how firms can manage production variability while mitigating

BWE.

Baron et al. (2018) argued that even if BWE is detected, its hindering effects on supply
chain performance are not as significant as theory suggests. They found no evidence that
BWE negatively impacts firm profitability, suggesting that the adverse effects of BWE
might be overstated. This finding challenges the conventional view of BWE and
underscores the need for a nuanced understanding of its impact on supply chain

performance.

2.4 Empirical Studies for Bullwhip Effect

One of the first empirical studies directly measuring BWE after (Lee et al., 1997) was
conducted by Fransoo and Wouters (2000). They discussed how aggregation in product,
demand source, and time intervals affects BWE measurement. Their findings were mixed
and counterintuitive. While product-level aggregation reduced BWE, it did not reduce
demand source-level BWE, contradicting Caplin (1985). This suggests that aggregation
effects may vary depending on the level at which they are applied, highlighting the

complexity of accurately measuring BWE.

Baganha and Cohen (1998) used U.S. data compiled by the Bureau of Census (1978-
1985) to compare the coefficient of variation across production, manufacturing sales,
wholesaler sales, and retailer sales stages. They found that wholesaler sales had the
greatest coefficient of variation, suggesting demand smoothing by wholesalers. This
finding aligned with Blinder et al. (1981), yet manufacturer sales showed the second
smallest coefficient of variation, indicating a different pattern. These results underscore

the varying impacts of BWE at different supply chain stages.

Lai (2005) studied Spanish retailer SKU-level data, testing for cost shocks, batching,
gaming, behavioral reasons, and demand correlation. He found evidence of BWE

primarily caused by order batching. This study highlights the importance of
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understanding specific drivers of BWE within different contexts and supply chain

configurations.

Cachon et al. (2007) examined industry-level U.S. data (1992-2006), finding that 40% of
manufacturing industries exhibited BWE while 60% smoothed production. Similarly,
Shan ef al. (2014) and Bray and Mendelson (2012) found that approximately 67% and
65% of firms, respectively, exhibited BWE. In Cachon et al. (2007) study retail industry
data did not amplify demand, whereas wholesalers did, mirroring Baganha and Cohen
(1998) findings. They noted that smoothing was more prevalent in industries with strong
seasonality. This study provides a comprehensive view of how BWE manifests across

different industries and the role of seasonality in moderating its effects.

Bray and Mendelson (2012) revisited the U.S. economy to study BWE using quarterly
and firm-level data. Their findings conflicted with Cachon et al. (2007) showing that
seasonal smoothing did not cancel out uncertainty amplification. They also found that the
decreasing trend of BWE began before the 1995 information technology milestone. Their
work highlights the importance of temporal factors in understanding the evolution of

BWE.

Shan et al. (2014) used firm-level quarterly data for Chinese companies, partially
agreeing with Cachon et al. (2007). They observed that seasonality smoothed production,
but the trend of amplification was more evident in China. They also confirmed a positive
correlation between inventory days and BWE. This study underscores the need for cross-
cultural comparisons to understand the varying impacts of BWE in different economic

and manufacturing environments.

The granularity and the sampling span are two critical characteristics of datasets used in
empirical research. Granularity refers to the level of detail in the observations,
encompassing aspects such as product level, time intervals, and organizational units. The
granularity of a dataset determines its ability to capture the nuances of the actual flow
within the supply chain at various resolutions. Higher granularity provides more detailed

insights but may come at the cost of broader generalizability.

Conversely, the sampling span, or coverage, represents the breadth of the data, defining
the extent of the economy or industry segments covered by the analysis. While proprietary

data from a single firm offers detailed time series across multiple variables, panel data
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surveys provide equivalent time series across different independent organizations. This
breadth is essential for demonstrating the generality and prevalence of the BWE across

diverse contexts.

Unfortunately, current datasets often face trade-offs between granularity and sampling
span. Industry-level studies with a macro perspective may lack the detailed granularity of
single-firm analyses, which can limit the depth of empirical insights. Conversely, the
detailed granularity available in single-firm datasets does not capture the broader
industry-level trends. These limitations influence both the breadth and depth of empirical

studies, impacting the comprehensiveness of findings on BWE.

Data types employed in empirical research on BWE can be classified into three main
categories based on their source. These categories affect the granularity in measurements,
the number of variables, and the explanatory power or sampling span of the analyses, as
summarized in Table 2.1. Understanding the strengths and limitations of each data type

is crucial for interpreting the results and implications of empirical studies on the BWE.

Table 2.1: Data Types in Empirical Research

Prominent Studies Advantages Disadvantages
Literature
Single-Firm Fransoo and Wouters (2000)  The most granularity is Does not provide insight for
Data Lai (2005) available in terms of generalization.
Chen and Lee (2012) periods, items, and Susceptible to publication bias.
Duan, Yao, and Huo (2015) organization. Data collection may not be
More variables and consistent.
additional data sets are
available.
Firm-Level Bray and Mendelson (2012) Firm level granularity Quarterly level data.
Data Shan, Yang, Yang, and Financial statements allow No item granularity.
Zhang (2014) profitability analysis.
Bray and Mendelson (2015) A dyadic relationship can
Mackelprang, A. W., & be established.
Malhotra, M. K. (2015).
Isaksson, O. H. D., & Seifert,
R. W. (2016)
Industry Cachon et al. (2007) The broadest perspective is  Industry-level granularity.
Level Data available for generalization.  No item granularity.

Different data sets from
governmental organizations
are available.

Monthly data is available
for more extended periods.

The first category, "Single-firm data," provides the most granularity at the item and

temporal levels. This type of data can also establish direct relationships with other supply
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chain partners. While the granularity and identified relationships with other parties enable
researchers to study the mechanisms of the BWE more precisely, they do not permit
testing the prevalence and magnitude of the phenomenon across the broader economy.
Despite this limitation, single-firm studies facilitate comparative analyses to understand
the data aggregation effect on measured BWE due to their higher granularity compared
to firm-level and industry-level studies. For example, Fransoo and Wouters (2000), one
of the earliest single-firm studies, demonstrated how aggregation in product, demand
source, and time intervals affects BWE measurement. Their study found that while
aggregation at the product level reduces BWE, it does not do so at the demand source
level (retailers). Similarly, Lai (2005) examined data from a Spanish retailer, testing for
cost shocks, batching, gaming, behavioral reasons, and demand correlation at both SKU
and category levels. He concluded that aggregation does not mask the prevalence of BWE

but decreases its statistical significance.

The second category, "Firm-level data," allows researchers to associate results with
individual firms. These datasets, primarily obtained from the financial statements of
publicly traded firms, offer firm-level granularity and financial performance
measurements at the expense of quarterly aggregation. As suggested by Cachon et al.
(2007), recent studies have favored firm-level data to gain more granularity. However,
this data type suffers from temporal aggregation and lower item granularity than single-
firm studies. Moreover, it does not provide a comprehensive picture of all industries,
being inherently biased towards publicly traded companies that are generally expected to

perform better.

The third category is "Industry-level panel data," which provides the most extensive
breadth but less depth than the other data types in terms of organizational and item
granularity. In this study, industry-level data is preferred for two main reasons. Firstly,
industry-level data offers the opportunity to link various factors with their effects on
industries based on their characteristics concerning the contributing factors of BWE.
Secondly, industry-level data, classified under the WNorth American Industry
Classification System (NAICS), allows for the integration of additional datasets,
enriching the analysis. The availability of more variables related to BWE enables the
exploration of different relationships between the phenomenon and its underlying factors,

providing a broader perspective.
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2.5 The Causality Between Factors and the BWE

The causality between factors and the BWE is intricate. A causality model is developed
to map how essential factors discussed in literature interact with each other. Figure 2.1
provides an overview of the multitude of driving factors contributing to supplier order
variance and the BWE. The predominant driving force feeding the causality we modeled
is the extended lead times resulting from longer transit durations, which influence other
factors. The literature consensus acknowledges that supply chains with extended lead
times are prone to amplify the BWE. Based on this argument, we examine other aspects

of importation as either positive or negative driving forces for demand amplification.

Shipment based
financial flow 4\
Delay to compansate + N mg?;?:; *
shortage error _\+
+

¥+
Shipment . ®

size /

¥
+
Ordering cost —>» . —>» inventory
Rounding risk + Information
n | up \ sharing /
. ¥ " Collaborative
Importation ¢ planning
: Minimum- ,'

/ order-quatity

Absorb

\ Transit| Time ——> Lead-time .t
+ + 4 supply Supplier order < -~~~ i 5 the Bullwhip
| disruptions """~ _ variance + Effect
\ Absorb * A
) + . demand
-5 | Lead-time Lead-ime ~ — —> shocks :
variance Inventory ;

+\ Information
distortion

+ /
\_, Periodic- _/+ :
order-batcing I
+ .

Order interval -------""
Reverse

+ *~~.» Bullwhip Effect”

\» Periods to
forecast / Data

need
+
Lead-time
forecasting
error
Supply Rationing
disruptions  * game

Figure 2.1: Causality Model for Importation and BWE

To identify these driving forces, the following section discusses how these factors amplify
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or dampen order variance with support from the related literature. Figure 2.1 suggests that
most driving factors feed the BWE by increasing supplier variance. Conversely,
attenuating factors such as information sharing, reverse BWE, order interval, and lead

time inventory compete with amplifying forces.

2.5.1 Lead Time

Lead time in a production and distribution system is the cumulative duration
encompassing order processing, production, logistics, and transit time between the
supplier and the customer. It plays a critical role in supply chain dynamics and is widely

recognized as a contributing factor to BWE.

The positive relationship between the lead time and BWE has been widely accepted by
researchers from the beginning of the literature on BWE. In their seminal work, Lee et al.
(1997) showed analytically that if the expected demand for subsequent periods is

positively correlated with current demand, longer lead times amplify BWE.

However, the involvement of lead time in BWE is not straightforward. In Figure 2.2, we
summarized how lead time is interrelated with other contributing factors that end up with
two main causes of BWE, as described in Lee et al. (1997). Figure 2.2 highlights how
longer lead times often lead to greater order batching intervals, increased supplier order
variance, and higher inventory levels, all of which intensify the BWE. Moreover, lead-
time forecasting errors can distort demand signals, leading to overcompensation and

unnecessary adjustments in production and procurement decisions.
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Figure 2.2: Causes and Contributing Factors of BWE in Lee et al. (1997)

Although the longer lead times increase exposure to uncertainty and exacerbate BWE,
lead time does not necessarily contribute to BWE (Chen and Lee 2017). If the lead time
is covered with deterministic demand or forecast performance is not negatively affected
by extended periods, then lead time does not cause BWE (Chen and Lee, 2009).
Moreover, some demand processes are less susceptible to amplifying variance over larger

lead times Gaalman et al. (2022).

2.5.2 Lead Time Variance

Like the lead time, the variance of the lead time is considered only an exacerbating, not a
triggering factor for BWE (Fioriolli and Fogliatto 2008, Duc et al. 2008, Heydari et al.
2009, Bolarin et al. 2009, Chaharsooghi and Heydari 2010) unless it is forecasted to
determine order quantity (Michna et al. 2020).

As illustrated in Figure 2.1, lead time variance interacts with several factors such as transit

time, supplier variability, and shipment delays to influence supply chain fluctuations.

According to Heydari ef al. (2009) and Chaharsooghi and Heydari (2010), the lead time
mean represents the supplier's endogenous performance, and the lead time variance is an
exogenous factor. In this context, they showed that the mean of lead time is more
significant than the variance regarding BWE, whereas the variance affects total supply

chain cost. Nevertheless, the mean and the variance of lead time can be correlated (Fang

etal. 2013).
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In the case of importation, uncertainties in transit time, customs delays, and congestion
contribute to lead time variance, as shown in Figure 2.1. Transporters predict the
uncertainty in transit time due to congestion or other import-related delays and inflate the
related costs (Taylor et al. 2004). This may imply that forecasted uncertainty may trigger
the BWE, as Michna et al. (2020) suggest. However, the status of current global transit
times is public knowledge and easy to obtain visibility compared to inventory levels of

manufacturers.

Predicting production lead time can be more challenging due to the complexity of product
levels, unlike distribution lead time. Production lead time is influenced by various factors,
including the manufacturer's process time, inventory position, capacity availability,
production lot sizing, and other constraints in a manufacturing environment sensitive to
the products being produced. Conversely, distribution lead time relies on more
predictable variables, such as transit time, shipment schedules, and customs clearance,
independent of the product. Arrival dates are usually certain once the goods have been
loaded onto the ships, whereas the same certainty does not apply to sending purchase

orders.

Regarding domestic supplies, the supplier's inventory and production capacity play a
significant role in determining lead time variance. However, in cases of overseas
importing, transit time becomes more significant, and production lead time becomes less
so. This relationship suggests that extended lead times in importation due to the logistics

component may be more predictable and thus cause less exposure to the BWE.

2.5.3 Supply Disruptions

While supply disruptions are often associated with increased volatility in supply chains,
their impact on the BWE can be paradoxical. As illustrated in Figure 2.1, disruptions can
either intensify demand fluctuations or, in some cases, lead to a Reverse Bullwhip Effect
(RBWE). RBWE, introduced by Rong, Shen, et al. (2008), explains that overreacting to
random disruptions can increase demand variance, similar to a rationing game. However,
it is important to note that the RBWE does not prevent BWE from happening and causes
an umbrella shape that impacts the middle of the supply chain most significantly (Rong,
Snyder, et al. 2008).

From the importation perspective, exogenous variance caused by random supply
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disruptions, such as the COVID-19 pandemic, may induce BWE but can be masked by
RWBE.

2.5.4 Lead Time Inventory

Longer lead time means more extensive inventory and safety stock, which can be a
smoothing or amplifying factor for BWE Xiaojing et al. (2008). The safety stock
calculations and order-up-to points adjusted to lead time demand inflate the order size
and variance. Figure 2.1 illustrates the intricate relationship between lead time, inventory,

and demand variability.

However, the role of inventory is not straightforward in the BWE context. Investing in
inventory to have more flexibility is an option to address demand shocks, along with
increasing the prices or the production rate (Blinder 1982). Therefore, maintaining higher
inventory levels can aid in mitigating the amplification of variance as it absorbs the
demand shocks and supply disruptions (Chang and Lin 2019). Conversely, in lack of
information sharing it can distort the demand signaling for the upstream level (Lee et al.
2000). Since variance ratio measurement is applied to both production smoothing and

BWE studies, production smoothing literature sheds some light on the discussion.

In empirical production smoothing literature, there are conflicting results on whether
inventory has a smoothing or destabilizing effect. Specifically, in the U.S. perimeter,
empirical evidence suggests that inventory can be a destabilizing factor (Holt et al. 1968a,

Blanchard 1983, Blinder and Maccini 1991, Beason 1993, Mollick 2004).

Blinder and Maccini (1991), suggested that inventory may stabilize at the firm-level
where it destabilizes the industry-level. They discussed that production smoothing may
not be prevalent since the observed inventory levels are built up due to lot sizes rather
than smoothing purposes. According to this reasoning, since lot sizes are dependent on

ordering costs, lead time related inventory can be considered an amplifying factor.

However, Bray and Mendelson (2015) refuted the dichotomy that production smoothing
is the opposite of BWE as they showed that BWE and production smoothing can co-exist.

2.5.5 Periods To Forecast (Data Need)

The relationship between forecasting horizon and lead time plays a crucial role in
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determining the accuracy of demand predictions and, consequently, the magnitude of the
BWE. As illustrated in Figure 2.1, longer lead times necessitate extended forecasting

periods, increasing exposure to forecasting errors and demand uncertainties.

When lead times are short, firms can rely on more recent and accurate demand data to
guide their inventory replenishment decisions. However, as lead time expands, firms are
required to predict demand further into the future, where the likelihood of forecast errors

rises significantly (Chen, Drezner, et al. 2000, Chen, Ryan, et al. 2000).

The relationship between forecasting horizon and lead time plays a crucial role in
determining the accuracy of demand predictions and, consequently, the magnitude of the
BWE. As illustrated in Figure 2.1, longer lead times necessitate extended forecasting

periods, increasing exposure to forecasting errors and demand uncertainties.

When lead times are short, firms can rely on more recent and accurate demand data to
guide their inventory replenishment decisions. However, as lead time expands, firms are
required to predict demand further into the future, where the likelihood of forecast errors

rises significantly

2.5.6 Ordering Cost, Order Batching, and Order Interval

The logistics component of lead time transit time is an essential driver of the cost of
purchasing. Unless a cheaper mode of transport is preferred, such as the railway rather
than the road, which is not always a feasible option, longer transit times mean more

expensive freight costs due to fuel consumption.

Since longer lead times imply more ordering costs, it inflates the demand as economies
of scale drive the decision-making. For instance, planners prefer full-truck loads (FTL)
with larger lot sizes rather than less-than-truckload (LTL) with smaller lots that enable
more frequent ordering. This factor can be considered the triggering factor of another

contributing factor, the order batching.

Order batching is a well-known cause of the BWE that distorts demand signaling, and it
shares lead time as a contributing factor (Lee et al. 1997, Holland and Sodhi 2004). As
shown in Figure 2.1, order batching distorts demand signals by introducing artificial

demand surges at specific intervals, amplifying variance along the supply chain.
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The economy of scale encourages order batching to have bulkier deliveries to reduce unit
costs. Goods are prone to be batched in larger sizes for long-haul shipments. Therefore,
our proposition that tests the effect of lead time on BWE concurrently tests the demand

signal processing and order batching as an inducing factor.

However, it is worth noting that there are three distinct implications of order batching. In
Lee et al. (1997), the synchronization of orders of multiple retailers is considered order
batching as the first implication. The second involves consolidating future period needs
due to periodic inventory monitoring. The third entails rounding up orders to meet a

multiple of a fixed order quantity.

In his research, Cachon (1999) investigated the effects of various factors on order
batching in a similar model to Lee et al. (1997), a 1-supplier, N-retailers supply chain. He
examined the impact of the size of retailers' batches, the length of their ordering intervals,
and their degree of concurrence. He showed that increased order interval has an
attenuating effect on supplier variance. Our product-level analysis also confirmed this

argument empirically.

For fixed order quantities, on the other hand, Potter and Disney (2006) suggested that

quantities close to average demand are causing the least BWE.

From the importation perspective, transport costs are higher than domestic costs for the
exact distances due to the opportunity cost of the uncertainty of waiting times at border
crossings (Taylor et al. 2004). Moreover, the study conducted by Hummels and Schaur
(2013), showed that the transportation cost for intermediate goods is 60% higher than that

of the final goods. Therefore, importation is expected to increase ordering costs.

Nonetheless, the issue of order batching stemming from lead time can be mitigated by
implementing alternative logistics strategies. In a recent simulation study by Benrqya and
Jabbouri (2022), the researchers employed a model representing a three-tier supply chain.
Their findings demonstrated that using a cross-docking approach effectively reduces the
BWE by mitigating the impact of order batching. Significantly, this reduction in BWE
was observed regardless of the length of the lead time. Thus, as depicted in Figure 2.1,
ordering costs, order batching, and order intervals are interconnected mechanisms that
influence demand variability and supply chain stability. While economies of scale

encourage bulk orders, alternative logistics strategies can mitigate BWE without
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sacrificing cost efficiency.

2.5.7 Information Sharing and Collaboration

Information sharing is the immediate cure for BWE proposed by Lee et al. (1997), and
how information sharing reduces the adverse effects of BWE is extensively studied. It
helps upstream parties not to create unintentional shock waves with misinterpreted
demand signals from downstream partners. The relationship between information sharing
and lead time is also well-studied in the BWE context. The stochastic nature of lead time
has an exacerbating effect that can be alleviated by information sharing (Chatfield et al.

2004, Kim et al. 2006, Agrawal et al. 2009).

The importance of information sharing is even more pronounced in longer lead time cases
such as importation, where supply chains span multiple regions and countries. The
extended nature of global supply chains necessitates greater visibility to mitigate risks
associated with longer transit times, customs delays, and supplier reliability issues. As a
result, firms engaged in international trade have a stronger incentive to implement
collaborative information-sharing practices, as longer lead times inherently increase

supply chain risk and volatility.

Based on the literature showing that information sharing is an alleviating factor for lead
time related BWE, we presume that longer lead times create an initiative to employ

Information sharing that may also reduce BWE as a side-effect.

Moreover, the lack of trust is a barrier to implementing successful information sharing
(Kembro et al. 2017). On the other hand, importation depends on trust and strong
relationships with global partners. Consistent partnership promotes trust and helps build
enduring partnerships, making it easier to address challenges to initiate information

sharing, which is as essential as the mutual benefit (Pohlen and Goldsby 2003).

As shown in Figure 2.1, information sharing serves as a mitigating factor that
counterbalances lead time-related demand fluctuations. While longer lead times may
initially exacerbate the BWE, they also create an opportunity to implement collaborative
forecasting and planning solutions, which can ultimately reduce demand variability and

stabilize supply chains.
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2.5.8 Shipment-Based Financial Flow

Another significant but not quantifiable driver is the shipment-based financial flow
between parties. As the distance between parties increases the risk and financing, the gap
between payment and usage increases (Schmidt-Eisenlohr 2013). Moreover, enforcing
contracts in foreign trade in case of a non-conforming shipment or payment dues is

inherently riskier than domestic trade.

In importation, financial flow is critical in managing the risks and uncertainties associated
with international trade. This, in turn, influences the dynamics of information flow by
fostering trust, cooperation, and adaptability in supply chain relationships and payment
methods. Since shipment information is an essential part of the process, shipment-based

financial flow improves the timing of the information sharing.

There are three methods for payment transactions in foreign trade: cash-in-advance,
where the importer pays before the delivery; bank-intermediated, where payments take
place after confirmations; and open account, where the importer is allowed to have the
shipment before payment for a specific limit. Although these methods position risks in
different handover points, none of them eliminates the risk entirely for all parties. Bank
needs to audit the risk of their corresponding firm, which is in another country, increasing
the cost of financial flow (International Monetary Fund 2009). Therefore, to manage these

risks, companies narrow down the trusted suppliers and sustain their relationships.

According to International Monetary Fund (2009), by 2009, 40% of transactions were

open accounts in foreign trade, which is in a declining trend.

As depicted in Figure 2.1, shipment-based financial flow interacts with order fulfillment,
trust-building mechanisms, and supply chain transparency, reinforcing the importance of

financial stability in mitigating lead time-related uncertainties and BWE.



3. METHODOLOGY

This study employs a comprehensive methodological framework to analyze the BWE
across industries. The methodology consists of multiple sequential steps, categorized into
four main phases: data acquisition, indicator definition, theoretical alignment, and
empirical analysis, including correlation and trend analyses. Each phase is designed to
ensure the robustness, validity, and reliability of the findings, with particular emphasis on

mitigating potential biases and ensuring comparability across industries.
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Figure 3.1: Flowchart of Proposed Methodology

Figure 3.1 schematizes the proposed methodology in a flowchart. The initial step in the
methodology is data acquisition, which involves obtaining data sets from authorized

sources. This step is crucial because data is collected from various institutions, each
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sharing data in different table formats and with varying coverage. Therefore, a key part
of this step is aligning these disparate data formats into a uniform format to ensure
seamless communication and integration between them. This alignment is essential for

subsequent analysis and comparison.

Following data acquisition, the next step is indicator definition, where specific indicators
are defined to measure supply chain management performance. These indicators are
carefully selected to match theoretical results and contributing factors of the BWE. For
example, the amplification ratio, which serves as an indicator for BWE, and labor
intensity, used for complementary analysis, are introduced. The backorder ratio and
inventory days are derived from raw data sets, while other indicators like overtime hours,

job loss, and capacity utilization are used as they are published.

After defining the indicators, the methodology proceeds with annual compilation, where
all time series data are compiled annually at the industry level for variables representing
the theoretical results of the BWE. This annual aggregation provides a consistent

temporal resolution for comparing different industries and variables.

The subsequent step involves industry ranking, where industry scores are ranked relative
to each other based on contributing factors. This ranking helps to identify industries that

are more or less susceptible to the BWE based on specific characteristics.

To ensure the validity of the analysis, the methodology includes normality and
stationarity testing. This step tests the normality and stationarity of all time series to avoid
spurious correlations. An elimination procedure is defined to remove any non-normal or
non-stationary series, ensuring that the correlation analyses are conducted on reliable

data.

Since direct production data is unavailable, the methodology includes a step for
production data inference. In this step, production data is inferred from sales and
inventory data. This inference is necessary to calculate key metrics, such as the

amplification ratio, which requires both sales and production figures.

For any series that are found to be non-stationary, a non-stationary series processing step
is performed to ensure stationarity. This typically involves techniques such as

differencing or log-differencing to remove trends or seasonality. For instance, inventory
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days are differenced to detrend and ensure the stationarity of the series, using log-

differencing to adjust for percentage changes between observations.

With stationary data, the methodology proceeds to correlation analyses, where correlation
analyses are conducted to investigate the propositions of the literature. These analyses
aim to identify relationships between the amplification ratio and various contributing

factors.

Following the correlation analyses, a statistical significance testing step is performed. In
this step, the statistical significance of the results is tested for all pairs of variables. Non-
eligible observations are eliminated to ensure that only statistically significant

relationships are considered.

To account for temporal dynamics, the methodology incorporates trend analysis,
employing the Mann-Kendall test, which is preferred over linear regression due to its
robustness against non-normal distributions. The Mann-Kendall test identifies trends in
the BWE over time, with significantly positive Kendall statistic values indicating an
upward trend and significantly negative values indicating a downward trend. This rank-
based approach is particularly effective in analyses involving outliers and non-normal

distributions.

The methodology also incorporates a structured approach to assessing the impact of
COVID-19 on supply chains, recognizing the pandemic’s significant disruptions. This
analysis involves data preparation, forecasting, error analysis, and baseline creation to
evaluate whether the BWE intensified during the pandemic. Various forecasting models,
including SARIMA, Prophet, RNN, and LSTM, are employed to estimate expected
trends, while comparative analyses determine deviations from pre-pandemic conditions.
A Dbaseline scenario is constructed to isolate the pandemic’s influence, and model
performance is assessed by comparing pre-COVID-19 (2016-2019) and COVID-19
(2020-2023) periods. The application of advanced machine learning models, such as
Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) networks,
ensures a robust evaluation of nonlinear dynamics. Figure 3.5 provides a detailed

schematic representation of these methodological steps.

The methodology culminates in reporting and discussion, where the results of the

correlation analyses are reported and discussed for all industries, considering their
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specific characteristics. The divergence among industries is expected to yield a more
nuanced understanding of the BWE and the measured performances for further research.
This final step synthesizes the findings and provides a nuanced understanding of how the

BWE manifests differently across various industries.

3.1 Data Acquisition

Thanks to the data tables provided by Cachon ef al. (2007), which are digitally published
by the authors, most of the calculated values did not need to be reproduced. Some values
were partially derived from the raw data tables to modify the structure to fit the temporally

disaggregated table format.

Although more recent periods were available, the period between 1992 and 2005 was
selected to preserve the continuity of analyses. Since raw data sets are backwardly
adjusted by data sources for consistency over the years, extending the time series would
create difficulties in aligning new results with those referenced in the study by Cachon et

al. (2007).

Moreover, extending the period would increase the number of non-stationary time series,
jeopardizing the validity of correlation analysis. Five new time series are introduced in
this study as new variables, along with two new time series derived from the sales and
inventory series, to investigate their association with the BWE. The sources, periods, and

number of individual industries are summarized in Table 3.1.

Table 3.1: Data Sets Used in The Study

Data Source Period Interval Number of Industries
Overtime Hours Bureau of Labor Statistics =~ Monthly 1992-2005 29
Gross Job Loss Rate  Bureau of Labor Statistics ~ Quarterly 1992-2005 17

Capacity Utilization

Rate Federal Reserve System Monthly 1992-2005 20

Bureau of Economic

Intermediate Inputs Analysis Irregular 2007 49
Imported Bureau of Economic
Intermediate Inputs Analysis frregular 2007 49

Unfilled Orders U.S. Census Bureau Monthly 1992-2005 50
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Inventory U.S. Census Bureau Monthly 1992-2005 86
Shipments U.S. Census Bureau Monthly 1992-2005 86
Full-Time Equivalent Bureau of Ecpnomic Annual 1997 71
Employees Analysis
Value Added Bureau of Economic Annual 1997 21

Analysis

Due to data availability limitations, the scope of the analyses is narrowed to
manufacturing industries. Backorders and capacity utilization series are included, at the
expense of excluding retailers and wholesalers. This exclusion precludes the investigation
of different levels of the supply chain. However, the addition of new variables is preferred

over the breadth of analysis to enhance the explanatory power of the study.

All data sets used in this study are obtained from U.S. governmental organizations: the
Census Bureau, Bureau of Labor Statistics (BLS), Bureau of Economic Analysis (BEA),

and the Federal Reserve.

The Census Bureau and the Bureau of Economic Analysis (BEA) are integral parts of the
U.S. Department of Commerce. They provide essential national, regional, industrial, and
international accounts, including crucial information on manufacturing, gross domestic
product, input-output accounts, and price indexes. The core data sets on sales and
inventory are sourced from the Manufacturers’ Shipments, Inventories, and Orders (M3)
survey provided by the Census Bureau. Intermediate inputs are derived from detailed
input-output statistics, indicating the interrelationships between different industries.
Additionally, price indexes are employed as auxiliary data to adjust all monetary time

series.

The Bureau of Labor Statistics (BLS) is a governmental organization that supports both
public and private decision-making by tracking labor market activity, working conditions,
price changes, and productivity within the United States. In this study, the gross job loss
series is obtained from the Business Employment Dynamics (BDM) program, and the
overtime series is sourced from the Current Employment Statistics (CES) program of
BLS. As this study considers overtime hours of productive labor, the overtime hours of

supervisory employees, which are not typically adjusted to production levels, are
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excluded. Fortunately, the BLS provides the average overtime hours of nonsupervisory

employees separately.

The gross job loss rate indicates the net decrease in employment on a quarterly basis. It
comprises the total of establishment closure rates and contraction rates, defined as

percentages of the total employment in the same quarter.

The Federal Reserve, the central bank of the United States, publishes an Industrial
Production and Capacity Utilization (G.17) survey monthly. This survey provides an
index of industrial production and capacity utilization rates across various industrial
sectors. The capacity utilization rate for manufacturing industries is obtained from this
survey. Capacity utilization rates consider a facility’s maximum production rate within a
practical work schedule, excluding material availability shortfalls. The Federal Reserve

also accounts for capacity reductions due to expected downtimes.

The values for Overtime, Gross Job Loss Rate, Capacity Utilization Rate, Inventory Days,
and Back-order to Shipment Rate within each year are averaged to ensure comparability

across different time series.

3.2 Defining Indicators

Indicators are measurements to be used as a variable in the correlation analyses. Table
3.2 shows that the backorder ratio and inventory days are derived from raw data sets;

overtime hours, job loss, and capacity utilization are used as they are published.

Table 3.2: Indicators for Electronic Equipment, Appliances, and Components

Amplifi?ation Overtime Inventory Ill)l;,;:t((f: lﬁ?lli)zzctiitgn Gross Job Bacl;grder

Ratio Hours Days Diffed) Rate Loss Rate Shipment
1992 1,04 3,18 96 82,22 3,9 1,85
1993 1,27 3,67 88 -0,09 86,58 3,98 1,71
1994 1,02 4,23 84 -0,04 91,76 3,63 1,69
1995 0,9 3,52 87 0,03 91,3 4,05 1,74
1996 0,66 3,67 81 -0,07 89,84 3,9 1,62
1997 0,48 3,89 78 -0,04 88,31 3,98 1,64
1998 0,35 3,54 74 -0,05 85,69 3,9 1,6
1999 0,6 3,65 73 -0,03 83,14 4,05 1,65
2000 0,44 3,72 71 -0,02 85,88 3,78 1,74
2001 1,18 3 76 0,07 76,86 6,28 1,72

2002 0,27 3,06 78 0,02 73,36 5,33 1,74




30

2003 0,23 3,44 74 -0,05 74,45 4,33 1,72
2004 0,49 4,01 70 -0,06 77,1 34 1,74
2005 0,8 3,8 68 -0,02 80,92 3,35 1,8

Two sample data tables show all indicators for one industry (Table 3.2), and one time

series for all industries (Table 3.3) is shared for Electronic Equipment, Appliances, and

Components industry and inventory days indicator. The same data structure is used for

all variables and industries to conduct correlation analyses throughout the study.

Table 3.3: Inventory days for all industries

Industry 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005
All with Unfilled Orders 108 102 97 96 95 90 90 8 8 92 8 8 77 76
Aluminum and

Nonferrous Metal 66 67 64 61 64 59 57 59 61 63 57 60 52 50
Products

Apparel 77 8 91 95 8 79 8 88 91 93 8 8 78 85
Basic Chemicals 83 83 78 78 8 76 8 8 81 8 78 76 73 T2
Beverage and Tobacco 15 119 107 101 102 108 109 103 101 97 111 110 108 108
Products

Beverage 66 65 64 65 69 77 8 8 8 91 94 94 93 95
Communicgipns 67 99 121 118 113 157 237 204 160 151 195 229 187 144
Equipment, Defense

Communications 126 124 118 126 112 98 105 91 94 115 138 133 121 112
Equipment, Nondefense

Communications 116 121 118 125 112 101 110 95 96 116 142 140 126 115
Equipment, Total

Computer and Electronic 1,5 115 167 100 100 91 92 8 8 106 105 94 83 76
Products

Computersand Related o, o) ¢y 74 3 56 50 45 45 54 52 44 35 31
Products

Construction Machinery 124 108 97 98 95 87 8 95 88 108 105 84 69 65
Construction Supplies 77 72 70 71 69 66 65 63 65 66 63 65 61 63
Consumer Durable 46 43 40 42 43 39 37 34 38 39 35 35 35 37
Goods

Consumer Goods, Total 53 52 51 51 51 49 50 48 49 49 47 46 44 43
Consumer Nondurable o5 50 o5 55 54 53 55 54 53 53 52 51 48 46
Goods

Dairy Product 25 25 26 25 27 26 25 25 27 25 26 27 25 25
P‘?;:‘;;‘se Aircraft and 256 253 235 216 187 178 225 224 245 184 152 136 132 146
Defense Capital Goods 179 176 189 173 169 147 157 181 193 166 135 110 108 110
Durable Excluding 8 83 78 78 78 74 74 71 T2 71 T2 69 64 65
Defense

Durable Excluding 99 94 89 8 88 83 8 8 82 8 84 8 75 75
Transportation

Durable Goods Total 95 89 84 83 82 78 78 75 76 81 75 72 67 68
Electric Lighting 107 99 91 95 87 85 80 79 83 83 80 83 80 82
Equipment

Electrical Equipment 105 94 8 89 83 81 77 76 77 8 8 8 78 U5
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Electromedical,

Measuring, and Control 156 147 135 133 133 135 133 132 131 138 130 123 104 107
Instrument

Electronic Computer 93 96 81 72 68 51 42 32 30 38 32 24 19 15
Electronic Equipment,

Appliances, and 9% 88 84 87 81 78 74 73 71 76 78 74 70 68
Components

Fabricated Metal 93 88 8 87 8 8 79 78 78 79 77 8 75 T8
Products

Ferrous Metal Foundries 72 63 56 57 59 58 62 61 61 68 66 65 57 60
Food Products 39 38 39 39 39 38 37 38 39 39 38 36 34 33
Furniture and Related 79 78 78 78 73 70 66 65 61 68 57 62 60 58
Products

Grain and Oilseed 39 36 38 37 41 38 38 37 38 35 34 34 40 44
Milling

Household Appliance 74 68 66 74 67 65 62 60 59 54 54 46 47 49
Industrial Machinery 140 140 133 131 131 127 138 130 118 157 150 138 124 142
Information Technology 1,0 113 157 105 102 93 91 85 8 97 100 94 8 77
Industries

Iron and Steel Mills and

Ferroalloy and Steel 91 89 8 83 8 83 8 92 96 103 91 90 74 89
Products

Leather and Al 97 91 94 107 101 96 105 106 108 132 110 87 86 92
Products

Machinery 117 110 106 107 108 103 102 104 102 113 105 97 90 90
Excluding Defense 74 71 68 69 68 66 66 64 64 67 63 62 58 57
Excluding Transportation 77 75 72 73 72 69 69 68 68 71 68 66 62 61
Material Handling 102 89 90 90 8 85 82 8 84 97 95 8 77 75
Equipment

Meat, Poultry, and

Seafood Product 18 18 19 19 20 19 20 19 20 19 20 18 17 16
Processing

Metalworking Machinery 139 129 125 124 132 124 121 128 120 148 126 114 93 80
Mining, Oiland Gas Field ,,\ » 14 508 200 181 166 193 206 201 177 201 202 171 157
Machinery

Motor Vehicle Bodies, 48 43 42 43 42 41 39 37 39 39 35 37 37 39
Trailers, and Parts

Motor Vehicles and Parts 32 28 26 27 27 26 24 22 25 25 22 23 23 25
g;’;‘t‘s’efe“se Alrcraftand ), 240 571 265 286 236 222 217 196 176 196 206 181 145
gﬁﬁg:fe“se Capital 131 126 119 116 115 109 109 105 101 111 109 105 95 90
Nondefense Capital

Goods Excluding Aireraft 117 111 105 104 102 94 93 90 89 101 98 93 84 8
Nondurable Goods Total 59 59 57 58 57 56 57 56 56 56 54 53 50 49
Other Durable Goods 85 80 79 79 77 74 72 71 74 75 69 72 68 67
Other Electronic 99 87 84 92 93 87 8 78 8 114 100 8 80 68
Component

Paint, Coating, and 74 70 70 73 71 70 70 69 68 70 63 59 57 60
Adhesive

Paper Products 62 6l 57 54 60 57 57 55 54 54 54 55 49 50
Paperboard Container 59 57 54 59 56 55 54 52 53 50 49 49 48 49
Pesticide, Fertilizer, and

Other Agricultural 74 75 67 69 70 71 74 91 99 99 8 71 75 70
Chemical

Petroleum and Coal 34 35 34 34 32 32 34 30 26 27 28 32 29 27
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Products

Petroleum Refineries 33 34 33 33 31 31 34 29 25 26 27 31 29 26
Pharmaceutical and 132 141 143 138 140 135 139 142 149 144 134 131 142 138
Medicine

Photographic Equipment 97 108 99 107 117 107 110 106 107 103 120 115 108 115
Plastics and Rubber 64 61 59 63 61 60 59 57 59 58 53 56 54 57
Products

Primary Metals 77 76 70 70 72 69 71 7275 8 72 72 62 67
Printing 53 48 49 53 48 45 44 42 43 43 41 43 45 48
Pulp, Paper, and

Paperbascd Mills 61 63 57 49 62 59 57 54 53 53 56 57 51 52
Search and Navigation ;e 170 167 179 158 147 150 147 147 127 100 95 82
Equipment, Defense

Search and Navigation 5, 500 593 260 295 260 270 266 256 253 272 266 238 233
Equipment Nondefense

Ships and Boats, Total 84 82 77 8 84 15 65 66 68 83 65 59 60 58
Textile Products 75 75 16 19 77 76 77 72 76 15 68 63 59 59
Textiles 60 61 60 63 62 61 61 63 64 70 58 59 53 53

Tobacco 242 301 250 218 210 210 193 159 150 129 166 162 155 150
Total Capital Goods 139 133 128 123 121 113 114 112 108 117 112 106 97 92
Total 78 75 72 71 71 68 69 67 67 69 65 63 59 59
Transportation 8 76 69 66 67 63 65 61 62 60 53 50 48 50
Equipment

Turbines, Generators, &

Other Power Trans. 116 114 108 108 102 93 8 8 8 8 77 68 70 75

Eq’ment

Ventilation, Heating,

A.C., and Refrigeration 8 76 76 79 76 77 67 69 73 76 68 63 64 65

Equipment

Audio and Video 50 45 43 53 62 53 48 49 5T 63 53 49 52 56
Equipment

Automobile 17 15 12 13 13 13 11 10 10 10 10 10 12 12

Battery 8 71 69 73 70 66 65 57 64 67 64 58 58 56
Computer Storage Device 96 78 87 75 8 72 6l 69 72 8 92 102 87 97

Farm Machinery and 93 84 8 8 8 74 8 102 93 8 81 76 65 70
Equipment

Heavy Duty Truck 34 32 28 28 28 26 24 22 28 35 28 29 28 29

Light Truckand Utility 5 5 ¢ 9 9 g g 7 9 o9 g 8 8 10
Vehicle

Miscellaneous Products 128 119 120 119 121 117 114 113 114 113 105 106 106 102
Nonmetallic Mineral 84 78 70 T3 69 67 64 62 64 61 64 68 65 6l

Products

Other Computer 80 8 8 8 59 59 63 66 70 74 8 I3 64 66
Peripheral Equipment

Wood Products 54 53 54 53 53 50 50 50 54 55 53 51 46 48

Although they are not used to represent the theoretical results or contributing factors of

BWE, the amplification ratio, which is the indicator for BWE, and labor intensity which

is used as complementary analysis, are introduced in this section.
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Table 3.4: Descriptive Statistics for Amplification Ratio and Other Variables

Ampliﬁ?ation Inventory Back'orders [ﬁ?lli)z:ctiitoyn Overtime Gross Job

Ratio Days to shipment Rate Loss
N 1204 1204 700 280 406 238
Min 0,014 6,8 0,0 60,7 1,8 2,8
Max 98,9 311,5 30,8 95,3 9,4 11,7
Range 98,9 304,8 30,7 34,6 7,6 8,9
Median 0,7 75,1 2,2 80,9 4,6 4,9
Mean 1,1 83,6 4,0 80,7 4,8 5,1
Var 9,9 2242,1 25,9 31,6 1,7 24
Std. Deviation 3,1 474 5,1 5,6 1,3 L5
Coef. Variation 2,8 0,6 1,3 0,1 0,3 0,3

Table 3.4 summarizes descriptive statistics for all variables between 1992-2005 without
segmenting industries. Including the amplification ratio, seven different time series are
added to the data set. The data availability for industries is not the same for all industries.
The number of observations ranges between 238 and 1204, which creates a bottleneck for

the count of pairwise comparisons.

The main takeaways can be summarized for distinct indicators. The mean amplification
ratio is larger than 1 (1.1), implying the prevalence of variance amplification across the
industries. However, the coefficient of variation shows that it strongly varies among
industries. Though there is a significant declining trend, the mean Inventory days of
industries are 83,6 days. Industries have approximately %19 slackness in their capacity.
Finally, the average weekly overtime hours is 4,8 for all industries without weighting the

number of employees.

3.2.1 The Bullwhip Effect / Amplification Ratio

A common method for measuring the BWE 1is by calculating the ratio between the
demand variances at upstream and downstream levels (Equation 2). Cachon et al. (2007)
emphasized that this ratio can be viewed as the balance point between amplifying and
attenuating forces, where values greater than 1 represent BWE and values less than 1
represent production smoothing. Therefore, this measurement indicates the strength of
variance-amplifying forces relative to production-smoothing forces. For a binary

classification of the presence of BWE, the amplification ratio should be greater than 1.
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V - 2
Amplification ratio = ~Production (2)

Demand

Figure 3.2a illustrates how the amplification ratio is calculated using the sales and
production data of the same echelon. This method does not require a dyadic relationship
between two parties, allowing the amplification ratio to be measured independently of

whether the entity is a retailer (R), wholesaler (W), or manufacturer (M).

Another method for measuring BWE involves comparing the coefficients of variation
between neighboring stages or dividing the coefficient of variation of production by that
of sales. A two-stage (dyadic) relationship between a manufacturer and a specialized

wholesaler may offer a consistent linear supply chain structure, as shown in Figure 3.2b.

a: Same industry level comparison b: Two different industry level measurement of amplification ratio

/\/Variance of Demand 1

Variance of Production Variance of Demand _OUTFLOWZ>
Industry
(WL) <4——Demand

Var[Demand, |

C—INFLOW. _OUTFLOW:> Var[Demand,]
Industry
<4—Procure—— R, W, M) <4——Demand
/\/Variance of Demand 2

Var|Production)

Var[Demand) A1 __OUTFLOW:>
Industry
(ML) <4—Demand

Figure 3.2: Measured flows

Holt et al. (1968) discussed the risk of distortion by criticizing the hide-leather-shoe chain
proposed by Suits and Mack (1958), where a hide manufacturer may sell leather to both
apparel and shoe manufacturers. Holt et al. (1968) proposed that the T.V. set industry
stages, strictly linked with its exclusive supply chain partners, are suitable for establishing

an intra-industry relationship.

However, this approach significantly narrows the applicable industries and reduces the

sampling span. Since it is impossible to establish such a relationship across all industries,
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and to avoid the risk of ambiguity, industry material flow is preferred over a linear supply

chain structure.

Also as Chen and Lee (2012) pointed out, representing demand with shipments creates a
gap between observed material BWE and information BWE originally defined by Lee et
al. (1997). Whereas material flow follows the information flow and approximates the
original definition, the amplification ratio based on material flow is subjected to physical

constraints.

In the context of our study, we acknowledge that logistics operations act as a limiting
factor, similar to production capacity. Material BWE may be masking the information
BWE. However, the risk of underestimating does not lead to the false detection of BWE,

jeopardize the study's accuracy that shows bullwhipping industries.

Notably, Chen et al. (2017), showed that longer lead times decrease the discrepancy

between information-based and material-based BWE.

3.2.2 Inventory days

This conventional inventory performance metric measures the time required to deplete
inventory, expressed in days (Cox et al. 2004). It reflects the investment in inventory
relative to the establishment’s sales, normalizing the data and facilitating comparisons
across different industries by converting the unit of measurement from currency to days.
The price and margin-adjusted shipment and inventory data from the study by Cachon et
al. (2007) are utilized to calculate this indicator. The formulation for annual measurement

is provided in Equation 3:

Inventory days (day) 3)

_ The average value of inventory at standard cost
B Annual cost of goods sold (COGS) / 365

3.2.3 Backorders to Shipments

To analyze backorders (unfilled orders) and compare different industries, demand series

are divided by the corresponding value of shipment data (Equation 4). Since derivative
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data is a ratio, no further adjustment is necessary.

Value of unfilled orders in month 4)

. 0L —
Back orders to Shipments (%) Value of total shipment in month

Backorders do not necessarily indicate stock-outs or lost sales. The Census survey
captures unfilled orders at the end of a period. A company may have the inventory for the
demand but might delay the shipment due to other causes such as order processing time,
order-batching, or logistical bottlenecks. However, it can serve as a good proxy for stock-

outs for finished goods and waiting lines for supply.

3.2.4 Labor Intensity

Although not included in any correlation analysis, labor intensity is considered to enhance
our understanding of how vulnerable the industry is to BWE as it becomes more labor-
intensive. The conventional value-added criterion is used to measure the labor intensity
of industries, defined as value-added per employee (Equation 5). In this method,
industries are ranked, and those with less than the average value added per employee are

considered labor-intensive.

Value Added (5)
Full Time Equivalent Employees

Value added per employee =

Since the scope of this study concerns the capacity decision mechanisms of individual
industries, the labor intensity of intermediate industries is not considered, contrary to the

suggestion by Lary (1968).
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3.2.5 Imported Intermediate Inputs

We propose intermediate inputs to find an empirical ground for our study. Intermediate
inputs refer to the goods and services purchased from all sources, including energy, raw
materials, semi-finished products, and services, that are utilized in the production process
to create other goods or services rather than for final consumption. It can be calculated

by subtracting value added from gross output Bureau of Economic Analysis (2006).

Despite the significance of the importation and the lead time, they have not been given
sufficient attention in empirical studies. This lack of attention can be attributed to the

unavailability of industry-level data for these variables.

Nevertheless, some approaches have been developed to overcome this limitation. In their
analysis of company-level data, Rumyantsev and Netessine (2007) employed publicly
available financial statements and used accounts payable outstanding as a proxy for lead

time. They assumed that payment terms correlated with shipment lead time.

In contrast to their domestically sourced counterparts, imported goods often encounter
delays attributable to many factors, including customs clearance, tests, regulations, and
payment transactions. These delays inherently extend the time required for imported
intermediates to traverse the supply chain. Therefore, the ratio of imported intermediates
represents a good approximation to longer lead times to supply. Similar to our study, Lee
et al. (2022), utilized import sourcing as a substitute for longer lead times. Using panel
data from Korean firms, they empirically showed that longer distances and higher
transport costs increase the BWE. By establishing a connection between lead times and
the ratio of imported intermediates, our research findings provide valuable insights into

the correlation between lead time and the BWE.

The data is derived from the supply-use framework of the Industry Economic Accounts
published by BEA, which covers U.S. manufacturing industries. Although the data table
is prepared according to NAICS codes, the values are given at the commodity level rather
than the industry level. To align the commodity and industry level tables, the 405
commodity groups are matched with the 49 groups of industries, which also have

amplification ratio data availability (Table 3.5). Energy and service items are reduced
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from the lists to include only raw materials and semi-finished products flow.

Table 3.5: Data Sets for Ratio of Imported Intermediate Inputs

Data Source Period Interval Number — of

Industries
Intermediate Inputs Bureaul of Economic Irregular 2007 49
Analysis
Imported Bureau of Economic Trregular 2007 49

Intermediate Inputs  Analysis

In terms of the periodicity of the report, BEA published the data only in 2007 and 2012.
As the 2007 data is closer to the period we studied, it was used instead of the 2012 data.
However, it should be noted that the ratios of most industries did not change significantly

over the years when comparing the 2007 and 2012 data.

We propose a ratio of imported intermediate inputs as a variable representing the presence

of importation in the corresponding industry.

Value of imported intermediate goods (6)

lmpoggs Intergigiate Inpiey (%) = Value of all intermediate goods

Equation 6 demonstrates the metric as the percentage of imported intermediate goods out
of the total intermediate inputs for the corresponding industry. Since the definition covers
only intermediate inputs, imported finished goods to be resold by the importer are

excluded from the analysis.

3.3 Eligibility of Observations

All correlated time series are also annually grouped and averaged at the industry level.
Consequently, the number of samples for all correlation coefficient calculations was 14
(the number of years between 1992 and 2005). For a sample size of 14, the significance

levels above 20% are excluded from the analyses.

Due to the limited sample size for annual industry-based comparisons, the Shapiro-Wilk
test was conducted to inspect the normality of these annual sums. Among 288 industry-
based annual sums, 229 indicated normality. If a time series failed to indicate normality,

its Pearson coefficient was neglected.
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While most series indicated normality, the Spearman method, a non-parametric rank-
based correlation, was also employed to avoid questionable coefficients Kowalski (1972).

Thus, an observation is eligible if:

1. There is statistical significance for the Spearman coefficient, regardless of the
normality test.

2. The Spearman coefficient is not statistically significant, but the Pearson
coefficient is, and both the amplification ratio and tested series pass the Shapiro-

Wilk test.

All time series grouped by industry and variable are tested for stationarity to avoid
spurious correlations. Given the small sample size, the annual Kwiatkowski—Phillips—
Schmidt—Shin (KPSS) test is preferred over the Dickey-Fuller test to detect trend
stationarity. While most variables (251 out of 288, except for inventory days) were
stationary, a significant number of non-stationary series were found for inventory days
(41 out of 86). To address this, inventory days are log-differenced to ensure stationarity.
Other time series are not log-differenced to maintain sample sizes. The few non-stationary

series of amplification ratios are excluded to ensure consistency in analysis.

3.4 Estimations and Adjustments

The fundamental estimations and adjustments from the study by Cachon et al. (2007) are
presented to demonstrate how production data is inferred from inventory changes and

how time series are logged and differenced, as applied to new data sets.

3.4.1 Inferring Production from Sales and Inventory Data

Production data derived from inventory changes is formulated in Equation 7, suggesting
that if inventory decreases, the industry produces to fulfill the demand minus the net
change in inventory Blinder et al. (1981). Therefore, the negative inventory change and
demand are produced during that period. Conversely, if the inventory level increases, the
industry invests in inventory to fulfill the demand and increase the inventory. This
formulation implies that the industry invests in inventory with the sum of demand and net
inventory change in the exact period. Cachon et al. (2007) also define production in the

same fashion.
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Yie = Sie + (Iit - Iit—l) (7)

Y, = X; + AN;; “where Y is real output for manufacturers or deliveries for wholesalers
and retailers, X is real shipments, and AN is real inventory investment” Blinder and

Maccini (1991).

The validity of this equation is straightforward for retailers and wholesalers. However,
inventory flow for manufacturing industries with raw materials, work-in-progress (WIP),

and finished goods inventories is not intuitive and requires clarification.

Figure 3.3: Stages! of Processing Blinder (1986)

Figure 3.3 and Equation 8 illustrate how inventory consumption for a typical
manufacturing process is decomposed into phases , showing that inventory changes equal

the difference between sales and production.

AF+AW =a+b— (e +f) (8)

Where AF is the change in the stock of finished goods, AW is the change in the stock of

work in progress; therefore, AF + AW is equal to Y — X, output minus sales.

!"a: raw materials, b: components, c: direct shipments to customers, d: work-in-process used in finish goods,
e: work-in-process shipped to customer, f: finished goods shipped to customer.
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3.4.2 Logging and Differencing Adjustments

There has been a steady decreasing trend in inventory days over the years. Of 86

industries (some aggregated and overlapped), only 8 have a positive slope.

Inventory days (Raw data) Inventory days (Log differenced)
ry day

e Dira bl e Goods Total
Nordurable

=« Total Marufacturing

Figure 3.4: Inventory days over the years for unadjusted and log differenced series

Figure 3.4 shows inventory days decrease in aggregated level manufacturing industries.
Due to the negative slope among nearly all industries, the data is detrended with log-

differencing the time series.

Inventory days are differenced to detrend and ensure stationarity of the series (Equations
9 and 10). The series are logged prior to the first differencing. The adjusted series is the

approximate change percentage between observations in the series:

In(X;) —In (X;—1) = (X; — Xi—1)/Xi—1 )

All index values X, is replaced by the differenced series,

AXt = Xt - Xt—l (10)

where X is the average of monthly inventory days values of year ¢

Cachon et al. (2007) conducted the Dickey-Fuller test and detected a unit root in
production and demand series with 170 monthly observations. To remove it, they log-
differenced both series. Since the unit root test has low power for small sample sizes and
this study has 14 annual values for each industry, stationarity is investigated with the

KPSS test instead of the unit root (Cochrane 1991).
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3.5 Correlation Analysis

The theoretical propositions presented in Section 5 were investigated for all industries.
Pearson and Spearman correlation coefficients were calculated to explore pairwise
associations between variables and the amplification ratio for each industry. Plot boxes
are presented for each comparison to provide a general overview of the characteristics of

bullwhipping and smoothing industries.

While the Pearson coefficient indicates a linear relationship, the Spearman coefficient
indicates a monotonic relationship between variables. Both correlation methods were
employed for all pairs of variables, and the strongest coefficient among these methods is

highlighted. Nevertheless, for most pairs, both methods yielded similar results.

The amplification ratio was calculated for each year using monthly sales and production
time series to obtain more observations. Although quarterly grouping would generate
more observations, the quarterly calculated amplification ratio values were too erratic to
be used. Conveniently, the annual calculation covers observations for an entire year,

eliminating the need for seasonal adjustment.

Since the relationships between variables can vary in direction across different industries,

both cases are discussed with their supporting literature.

3.6 Adding Updated Data for Trend Analysis and COVID-19 period

The test data set is split into two periods: pre-COVID-19 (2016 — 2019) and COVID-19
(2020 — 2023). The aim was to identify the models that consistently deliver the most
reliable and accurate prediction in the first period. Since the demand and supply shocks
during the COVID-19 period can increase the errors as expected, the 2016-2019 period

is considered a baseline to assess model performances.

The demand series has been price and margin-adjusted to translate sales figures into
deflated cost values. For SARIMA, an Augmented Dickey-Fuller (ADF) test was carried
out to determine the stationarity of the demand series. For non-stationary series,
differencing and logarithmic conversions, are applied to stabilize variance and mean.
Similar transformations are implemented for inventory series to ensure consistency in

data. Since Neural Network based forecasting models perform poorly for seasonal and
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non-stationary demand Zhang and Qi (2005), detrending and deseasonalizing are carried
out as key steps in preparing time series data for RNN and LSTM methods along with
Minmax normalization. Detrending removes long-term trends to stabilize the series' mean
over time, which is important for models that need data to be stationary. The
deseasonalizing step removed seasonal patterns, leaving behind the residual component
that shows random variations. The original series is decomposed into an additive model's
trend, seasonal, and residual components. After making predictions, the trend and
seasonal components are added back to the predictions to make them interpretable and to

ensure they reflect the original data's scale and behavior.

3.7 Creating Baseline for COVID-10 Period

Figure 3.5 presents a comprehensive overview of this study's forecasting methodologies
and BWE analysis. The process begins with collecting historical industry-level data on
inventory and demand. To prepare for analysis, these series undergo several
preprocessing steps, such as deflation, margin adjustments, deseasonalization,
detrending, and normalization. Subsequently, four distinct forecasting techniques,
SARIMA, Prophet, RNN, and LSTM, were used to predict a forecasting horizon

encompassing the pandemic and the subsequent recovery phase periods.

Once the forecasts are generated for 2020 to 2023, they are integrated into a 'Forecast
pool,' where they undergo error analysis. In parallel, observed data is processed similarly
to create a comparative basis. Both forecasted and actual data are used to calculate
production and, subsequently, amplification ratios, which serve as a metric to assess the
magnitude of the BWE in the industry. By comparing these ratios, this study aims to
determine whether the pandemic has exacerbated the BWE, indicating a greater variance

in inventory and demand fluctuations than typically observed.



44

Forecast Procedure Bullwhip Analysis Procedure
, ~ —
[Inventory Series] Demand Series [Forecasted Series Actual Series
\ J
7 T . v ‘
( h Calculate Calculate
Price Adjustment Price Adjustment Production Production
(Deflate) (Deflate) L J u J
\ J —— v v
LSTM ( D (
Margin # f:fcgitljé:iyeerzss:éte Ln differencing Ln differencing
Adjustment size:200 ] L ) L
(Convert to cost) Max steps:100 ¢ ¢
Batch size: 32 ( B ( )
“— Calculate Calculate
—_— [Amplification ratio |Amplification ratio
L J \ )
Deseasonalize # fTNN .5
Detrend ot layers:

#of hidden state | |
size:200
Max steps:100
Batch size: 32
e/

SARIMA

Data pool Minmax scaling

Comparison &
Interpretation

Data split
Training set:
1992-2015
Test set:
2016-2023

Log
transformation
Log
transformation

Forecast pool
2016-2023

Error Calculation

Benchmarking &]
Model Selection

ADF Test
(Unit Root Test)

Stationary
Demand &
Inventory Series

Non-stationary
Demand &
Inventory Series

Figure 3.5: Flowchart of Procedures

3.7.1 Forecasting Models

Since BWE exists regardless of COVID-19, distinguishing between endogenous BWEs
and those induced by external shocks of COVID-19 remains challenging. To tackle this,
we employ advanced forecasting techniques to establish a baseline for the COVID-19
period, which represents what the scenario might have looked like without the pandemic's
influence. This baseline is then compared with actual data to evaluate the vulnerability of

specific industries to the BWE under pandemic conditions.

In the forecasting phase, Demand and Inventory series for 77 industries are forecasted
with SARIMA, Prophet, RNN, and LSTM methods for COVID-19 impacted periods.
Advanced models like Recurrent Neural Networks (RNN) and Long Short-Term Memory
(LSTM) networks are applied to address nonlinear dynamics that might be present in the
data. This multi-model approach ensures a comprehensive analysis by leveraging the
unique strengths of each forecasting technique, which is crucial for strategic planning in

the context of unpredictable impacts such as those caused by a global pandemic.

SARIMA, is notable for its ability to explicitly incorporate seasonality through
interpretable parameters, making it a benchmark for subsequent models. It is denoted as

SARIMA(p, d, q)(P, D,Q)m, where p is the autoregressive, d is the differencing, and ¢ is
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the moving average order, plus (P,D,0) representing the seasonal autoregressive,
seasonal differencing and seasonal moving average order, respectively. Finally, m is the

number of periods in each season. The SARIMA equation is represented in Equation 11.

4 P
(1= ) $d)(1 = Y L™ (1 = L)L~ L)X,
i=1 i=1
(i

q Q
- (1+ Z 6,L)(1 + z 0,Lxm)e,
i=1 i=1

where

e L is the lag operator, L*X, = X,_,

o ¢;, D; are the coefficients for the autoregressive and seasonal autoregressive
terms.

e 0;, 0; are the coefficients for the moving average and seasonal moving average
terms.

e X, is the time series and &; is the error term at time ¢

Prophet is a forecasting tool developed by Facebook®, designed to produce high-quality
forecasts for time series data that exhibit patterns on different time scales. It is particularly
well-suited for data with strong seasonal effects and several seasons of historical data. In
addition to SARIMA, Prophet can automatically detect trends, adjust the forecast to
reflect growth that is not necessarily steady, and flexibly accommodate seasonality. The

core formula of Prophet is given as Equation 12.

Ye=gt+Scthete (12)

where,

— y, is the predicted value at time ¢,

— g 1s the trend component, modeling non-periodic changes over time,
— s is the seasonality component, capturing periodic changes,

— h, is the effects of holidays or special events,

— €, 1is the error term at time t.

Recurrent Neural Network (RNN) is an artificial neural network that recognizes
patterns in data sequences. Unlike traditional neural networks that process inputs
independently and assume inputs and outputs independence, RNNs have loops that allow
information to persist, which is suited for tasks where context and temporal dynamics are
crucial, like in time series forecasting. RNN involves an input layer where the data

sequence is received, a hidden layer where the input is processed by combining it with
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the current state of the network, producing a new state, and an output layer that generates
the next value of the time series. The fundamental formula for a basic RNN involves a

simple update rule for the hidden state (Equation 13).

he = oc(Wyphe_q + Wyx, + b) (13)

where,

— h; is the hidden state at ¢ andh,_; is the hidden state at -/

— x. is the input at ¢

— W, andW, are weights matrices for the hidden state and input, respectively.
— b is the bias vector

— o is the activation function

Long Short-Term Memory (LSTM) networks are a special kind of RNN models,
capable of learning long-term dependencies in data sequences. Introduced by Hochreiter
and Schmidhuber (1997), LSTMs are specifically designed to avoid the long-term
dependency problem typical of standard RNNs, making them highly effective for a wide
range of sequence prediction problems where context from the distant past is informative
for predicting future events. LSTM networks introduce a more complex update

mechanism that involves several gates to control the memory and flow of information:

ft = oc(Welhe_q, x¢] + by) (14)
ir = a(W;lhe—1, x¢] + by) (15)
C, = tanh(W¢[he_1, x] + bc) (16)
Ce = fi(Ceor) + i (C) (17)

o, = o(W,[hi—1,x:] + b,) (18)
h; = o;tanh (C;) (19)

where,

- fu 1, 0 are forget, input, and output gates outputs, respectively.

— C, is the new cell candidate vector,

— C; is the cell state vector,

— h, is the output hidden state vector,

— W and b represent weight matrices and bias vectors for different gates,
— o and tanh are activation functions,

This study employs a systematic approach to forecasting demand and inventory series
from 1992 to 2023. The methodologies summarized in Figure 3.5, integrated into our

analysis, include traditional and advanced forecasting models. Monthly data from 1992
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to 2016 was used to train forecasting models, and 2016 - 2023 data was used to evaluate
their performance and confirm their predictions. The accuracy of forecasts is assessed
using traditional non-scale-based error metrics, such as mean absolute percentage error
(MAPE), which provides insights into each model's predictive accuracy and reliability,
facilitating objective benchmarking and model selection process. Subsequently, for the
Bullwhip Analysis, the amplification ratio for forecasted and actual values between 2020

and 2023 is calculated.

3.8 Mann-Kendall Trend Analysis

Contrary to Cachon et al. (2007), we preferred the Mann-Kendall test to carry out trend

analysis as a better option than linear regression analyses, which require normality.

Unlike linear regression, which assumes normality, the Mann-Kendall test is a non-
parametric method used to detect trends in time series data without requiring a specific
distribution. It evaluates whether a monotonic trend (increasing or decreasing) exists by
analyzing the relative ordering of data points rather than their actual values. The test
computes the Kendall statistic, which counts the number of concordant and discordant
pairs in the dataset. A significantly positive Kendall statistic value indicates an upward
trend, while a significantly negative Kendall statistic value suggests a downward trend.
By using this rank-based approach, the Mann-Kendall test is more robust against outliers
and non-normal distributions, making it a preferable choice for trend detection in this

analysis.



4. PROPOSITIONS

The study by Cachon et al. (2007) proposed hypotheses to investigate the relationship
between the amplification ratio and theoretical contributing or mitigating effects. They
hypothesized that the amplification ratio negatively correlates with seasonality, price
variations, and demand shocks. While the authors confirmed all hypotheses except the
effect of demand shocks on the BWE, which remained inconclusive, this study aims to
test the associations between the amplification ratio and widely recognized symptoms of
the presence of the BWE. BWE can impact the supply chain in several ways
(Bhattacharya and Bandyopadhyay, 2011), Xiaojing et al. (2008). Figure 4.1 summarizes

how these adverse effects align with the included data sets.

Gathering the Raw Data

Defining Indicators

Matching Theoretical Results and
Contributing Factors of BWE

Figure 4.1: Data, Indicators, and Implications
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The first three symptoms are measured with straightforward proxies, whereas the last
three are indirectly associated with several measurements. For instance, inventory days
are used as a proxy for excess inventory, and capacity utilization values represent
insufficient or excessive capacity. Product unavailability can be directly associated with

unfilled orders, even if the demanding party is willing to accept the lead time.

Overtime hours (correction cost), backorders (unfilled orders, possible lost sales), and
higher inventory days (holding cost) can approximate higher total supply chain costs. As
noted by Cachon et al. (2007), it is impossible to determine the underlying cause of these
symptoms solely from amplification ratio measurements in industry-level data. However,
it is feasible to correlate the relative strength of amplification against smoothing with

these symptoms to establish an empirical foundation.

These propositions aim to explore how different industries are affected by the BWE and
contributing factors rather than to entirely falsify or prove a relationship between

variables. Consequently, these propositions are not addressed with hypothesis testing.

4.1 Proposition 1: Inventory Days and Backorders positively correlated with the

Amplification Ratio

Empirical evidence of a positive association between inventory days and the BWE is
reported by Shan et al. (2014) in their firm-level study of Chinese companies. Shan et al.
(2014) suggested that high inventory is a symptom of poor-quality inventory
management, which yields a high amplification ratio. Moreover, longer inventory cycles
and inventory decisions for extended periods make firms more vulnerable to demand
information distortions. Another recent study by Zhao et al. (2019) also confirms the

positive association between inventory days and the amplification ratio.

Cachon et al. (2007) did not investigate the association between inventory days and the
amplification ratio. To address this gap, inventory days are calculated using the same
shipment and inventory data and then compared with amplification ratios for

manufacturing industries.

Increased backorders, or unfilled orders, are considered an adverse effect caused by the
BWE. This study considers them a proxy for stock-outs or product unavailability. Both

metrics indicate how well inventory management performs. To extend prior discussions
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on what these metrics indicate, their association with the BWE is investigated.

4.2 Proposition 2: Overtime and Gross Job Loss positively correlated with the

Amplification Ratio

Overtime is one of the quickest measures to increase capacity, especially if production is
labor-intensive and there is excess capacity in fixed resources. In the context of the BWE
or production smoothing, it is a correction cost to attenuate demand shocks and level

capacity.

The extensive literature on labor economics discusses short- and long-run labor demand
and adjustment costs. As reported by Hamermesh Daniel S (1993), most empirical and
estimation model studies show a preference for adjusting working hours over headcount.
Chang (1983) for the U.S. automobile manufacturing industry and Nickell (1984) for the
U.K. manufacturing industry developed employment models under different economic
expectations. Both studies showed that overtime is a preferable adjustment over

contraction or layoff.

To the best of our knowledge, this is the first study investigating the association between
employees’ working conditions and the BWE. This association is significant in two ways.
Firstly, it explores how the BWE affects employees' welfare by investigating if the BWE
harms employees regarding working conditions. Overtime and gross job loss are
considered indicators of the industry's working conditions. Secondly, it tests if the BWE
increases overtime costs, as suggested by Lee et al. (1997). In their seminal work, they
considered overtime one of the many symptoms of the BWE, along with other correction

costs.

4.3 Proposition 3: Amplification Ratio and Capacity utilization are positively

correlated.

Poor capacity utilization is considered an adverse effect of the BWE. However, the
amplification ratio may not increase if the capacity utilization ratio is fixed and saturated.
Two relatively recent studies support this argument. Buchmeister et al. (2014) reported
that higher overall equipment efficiency (OEE) levels, accompanied by efficient
inventory management, create less deviation in production and demand, leading to greater

stability. Alternatively, as suggested by Chen and Lee (2012), capacity constraints
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restrain firms from amplifying variance and promote production smoothing.

Long-term investments require upward flexibility if no excess equipment and machinery
capacity exists. Thus, these positive upswings may lead to the BWE in capital investment
(Anderson et al. 2000). However, in the short term, the BWE is expected to be dampened
due to capacity constraints (Chen and Lee 2012). Capacity utilization rate data published
by the Federal Reserve is added to the data set to study this interrelation. The hypothesis

is defined against this argument to test the widely accepted understanding in the literature.

Importation significantly impacts the material, information, and financial flows that
constitute the supply chain. It primarily affects the material flow through its influence on
lead times. Transporting goods over long distances, along with customs clearance
processes and other potential delays, elongates the time it takes for materials to move

from the point of origin to their destination within the supply chain.

4.4 Proposition 4: Reliance on imported inputs positively correlates with the

Amplification Ratio

Importation and local supply refer to two different methods of acquiring goods or
products, each involving distinct aspects of commerce. Importation involves bringing
goods or services into one country from another, with these goods produced or
manufactured in a foreign country and transported across borders for consumption or use
in the importing country. In contrast, local supply involves the production or provision of

goods and services within the domestic borders of a country.
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Figure 4.2: Typical Steps of Importation and Local Supply

Figure 4.2 summarizes the steps of both supply structures. Importation involves a more

complex supply chain that includes customs clearance, payment of import duties and
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taxes, adherence to trade regulations, and compliance with foreign regulations.

Conversely, local supply chains are typically more straightforward, with fewer steps.

The importation steps and their sequence differ depending on shared borders, modes of
transportation, special customs agreements, and payment agreements. Nevertheless, each
of these extra steps in importation includes processing times and delay risks, leading to

longer lead times and vulnerability to delays for imported supplies.

Based on the data provided by World Integrated Trade Solution (WITS), summarized in
Figure 4.3, around 71% of the intermediate goods imported into the U.S. manufacturing
industries in 2007 were sourced from countries that do not share borders with the U.S.
(The World Bank 2022). Since the data does not define energy, all the flow can be

considered seaborne trade.

Figure 4.3: Imported Intermediate Goods in 2007

The average transit time for sea freight from China, one of the leading exporting
countries, to the U.S. varies between three to six weeks, depending on the coasts,
excluding inland transportation. Disney ef al. (2016) reported that between March and
September 2011, the average lead time for transportation between ports in the U.S. and
China ranged from three to five weeks. The specific locations of these ports are not
detailed in the study. However, according to the U.S. Department of Transportation

Maritime Administration, %50,2 of seaborne container trade in U.S. customs ports have
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arrived on Pacific coasts, which tend to have greater transit time (Maritime

Administration 2023).

To compare the transit times of import and domestic trade, we utilized the data from the
Freight Analysis Framework of Bureau of Transportation Statistics. According to the
data, in 2017, 92% of domestic trade flows, excluding energy commodities, occurred
between points less than 750 miles apart, the legal limit for one day's travel time (Bureau

of Transportation Statistics 2023).

Therefore, compared to local supplies, importation involves longer lead times in the U.S.
due to more delaying steps and far longer transit times. Mexico and Canada, which share
a border with the U.S. and constitute 29% of all intermediate inputs, are subject to the
same extra importation steps. Thanks to trade agreements such as NAFTA and USCMA,
more streamlined processes reduce customs delays. Even though they have shorter transit
times than overseas countries, they still face delays and extra costs in the customs process
(Taylor et al. 2004); (Avetisyan et al. 2015). Additionally, the prominent mode of
transportation for imports from these countries uses slower transportation modes
compared to domestic supply. According to data from the Freight Analysis Framework
of the Bureau of Transportation Statistics in 2017, 110,000 tons, 114,000 tons, and
115,000 tons of imported products from these countries were shipped via truck, rail, and
water, respectively, whereas truck shipments, the fastest mode of transport after air,

constituted more than 83% of all domestic flow.

Consequently, most imported goods in the U.S. are subject to longer transit times and
delay points compared to local supplies, resulting in extended lead times, a critical factor

in the BWE literature.

The act of importation, wherein firms source goods and materials from international
suppliers, fundamentally influences the dynamics of the supplier-buyer relationship
within a supply chain. This intricate interplay is discussed in Section 1.2. Within this
context, competing factors that amplify or attenuate the supplier order variance result in

different amplification ratios, which can be empirically traced.

Moreover, firms dependent on imported materials and products often operate with longer
lead times. This enables us to establish a link between lead time and the BWE. Therefore,

the objective of this study is to gather empirical evidence of the impact of importation
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and lead time on the BWE.

Through empirical analysis, this study aims to reveal the extent to which importation
practices and lead times distinctly contribute to the emergence and mitigation of the
BWE, thereby enhancing our understanding of the complexities inherent in supply chain

dynamics.

Most factors related to importation feed the supplier order variance. Therefore, the degree
of reliance on imported inputs positively correlates with the magnitude of supplier order

variance and, consequently, the amplification ratio within the supply chain.

This proposition can reveal the outcome of many attenuating forces in the BWE
phenomenon defined in Section 2.1. Conversely, longer lead times to supply may force
firms to have better forecasting and planning processes, similar to the effects of
seasonality. It can act as a limiting factor that suppresses the BWE, as it does for

production capacity.

To address recent discussions on localization as a remedy to alleviate supply chain risks

arising from importation.

4.5 Proposition 5: The trend in BWE is decreasing

While advancements in supply chain management practices, widespread adoption of
information technologies, and improved demand forecasting techniques have contributed
to mitigating the BWE in some industries, the overall trend has remained stable. Cachon
et al. (2007) found evidence suggesting a decline in BWE ratios over time, but with
variations across industries—some experiencing a decrease while others saw an increase.
Additionally, their analysis indicated that BWE was not significantly driven by specific
time periods. While a declining trend was observed among retailers and wholesalers, no

statistically significant differences were found across time series samples.

Given that our study extends the empirical analysis over a longer period, A trend analysis

is conducted to examine whether the decline in BWE persists over time.

4.6 Proposition 6: The COVID-19 pandemic has significantly increased BWE
within global supply chains.
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The COVID-19 pandemic has significantly amplified the BWE within global supply
chains by exacerbating demand fluctuations, inventory imbalances, and supply
disruptions. The unprecedented external shocks caused by the pandemic, including abrupt
changes in consumer behavior, logistical constraints, and production slowdowns, have
intensified variance amplification across industries. Therefore, the pandemic has not only
disrupted supply chain stability but has also magnified demand-supply mismatches,
reinforcing the presence of an elevated BWE during crisis conditions. By establishing a
forecasting-based counterfactual baseline, it is possible to distinguish pandemic-induced

distortions from inherent supply chain fluctuations.

This proposition is propelled by a dual motive: to seek empirical evidence of the BWE
amidst the pandemic by examining industry-level panel data and to assess the ability of

time series analysis to forecast the BWE in terms of amplification ratio.



S. RESULTS

5.1 Proposition 1: Inventory Days and Backorders positively correlated with the

Amplification Ratio

Surprisingly, inventory days and backorders, considered significant adverse effects of
BWE, did not show a dominant positive correlation with the amplification ratio. Along
with a positive correlation that concurs with the findings of Shan et al. (2014) Zhao et al.
(2019), many industries exhibit a negative association between inventory days and
variance amplification. Out of 86 industries, the inventory days of 16 are negatively
associated with the amplification ratio. Four of these 16 industries indicate BWE in the
cumulative calculation, highlighted in black in Figure 5.1. Three of them are aggregated
industries. Only six industries show a positive correlation between inventory days and the
amplification ratio. Ventilation, Heating, Air-Conditioning, and Refrigeration Equipment

Manufacturing is not eligible due to the failed Shapiro-Wilk test.
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Transmission Equipment, and Ferrous Metal Foundries, which have low inventory risk
due to make-to-order strategies or raw material-dominant inventory, have the strongest

negative correlation.

Inventory Days

Amplification ratio >= 1
L

Industries

Amplification ratio < 1
L

50 100 150

Amplification Ratio

Figure 5.2: Box-Plot: Amplification Ratio vs. Inventory

However, Food Products and Ferrous Metal Foundries have a negative correlation and an
amplification ratio greater than one. This result aligns with the study Bray and Mendelson
(2015) which argues that the BWE phenomenon and production smoothing can coexist.
Results may support the argument that companies may experience BWE even if they
practice production smoothing. Textile Products can be affected by high obsolescence
risk or seasonality due to fashion trends, negatively affecting higher inventory days.
Although Industrial Machinery Manufacturing is a make-to-order industry with less
finished product inventory risk, it is sensitive to inventory days in terms of the

amplification ratio.

In both cases, these results may be underestimated due to aggregation. Yao et al. (2021)
suggest that BWE decreases inventory management performance, but temporal

aggregation may mask 75% of extra inventory and 25% of stockouts.

Backorders or unfilled orders are considered possible lost sales and indicate uneven

demand and supply rates.
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Figure 5.3: Bar-chart: Amplification Ratio vs. Backorder Ratio

Figure 5.3 shows that 12 industries out of 50 have a negative association, whereas five
industries are positively correlated. Figure 5.4 demonstrates that the backorder ratio is
lower among amplifying industries. The production strategies may justify this. Most of
the industries where the amplification ratio negatively correlated with backorders are
capital equipment industries or practice make-to-order strategies, such as Nondefense
Capital Goods Excluding Aircraft, Mining, Oil and Gas Field Machinery Manufacturing,
Metalworking Machinery Manufacturing, Electromedical, Measuring, and Control
Instrument Manufacturing, Defense Aircraft and Parts, Other Electronic Component

Manufacturing, and Electronic Computer Manufacturing.
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Figure 5.4: Box-plot: Amplification Ratio vs. Backorder Ratio

For these industries, backorders are simply queues that customers are willing to wait for
customization. Electric Lighting Equipment Manufacturing, Ventilation, Heating, Air-
Conditioning, and Refrigeration Equipment Manufacturing are among the other five
industries with a positive correlation. These industries, expected to rely more on make-

to-stock strategies, support the argument that BWE causes backorders.

The findings contradict Proposition 1, as many industries exhibit a negative correlation
between inventory days and amplification, suggesting production smoothing rather than
increased variance. Similarly, backorders show no consistent positive relationship with
amplification, particularly in make-to-order industries where they function as queues
rather than lost sales. Prior research also supports that BWE and production smoothing

can coexist, further undermining the proposition. Thus, Proposition 1 is rejected.



5.2 Proposition 2: Overtime and Gross Job Loss positively correlated with the

Amplification Ratio

The analysis shows that while overtime did not show a clear positive correlation with the
amplification ratio, gross job loss, particularly in labor-intensive industries, suggested a

positive correlation.
Figure 5.5 shows that 11 out of 29 industries indicate a negative correlation between
amplification ratio and overtime, whereas there is only one industry positively correlated.

Amplification Ratio vs Overtime
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Figure 5.5: Bar-chart: Amplification Ratio vs. Overtime

Figure 5.6 Box- shows that industries that exhibit amplification tend to have less
overtime. These results are interesting because it conflicts with Lee et al. (1997), which
are not discussed in the literature. However, among negatively correlated industries, only
two amplify demand variance. On the other hand, if significance levels are ignored, 6 out

of 12 positively correlated industries bullwhips.
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Figure 5.6: Box-plot: Amplification Ratio vs. Overtime

Nevertheless, Gross Job Loss results do not deny the positive association between Gross
Job Loss and BWE, especially in more labor-intensive industries (e.g., Furniture and
Related Products, Machinery, Wood Products, Printing). Figure 5.7 shows that among 18
industries, in 8, amplification ratio and gross job losses are positively correlated, and 5 of

them bullwhip.

Amplification Ratio vs Gross Job Loss

Figure 5.7: Bar-chart: Amplification Ratio vs. Gross Job Loss

Seven out of these eight industries are labor-intensive. Only two industries have a

negative correlation, and none of them are labor intensive.
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Figure 5.8: Box-plot: Amplification Ratio vs. Gross Job Loss

Figure 5.8 shows that bullwhipping industries also have higher gross job loss rates. So,
results suggest that BWE may increase Gross Job Loss in labor-intensive industries and
consequently negatively affect workers. This result concurs with Haltiwanger and

Maccini (1988).

The findings partially reject the Proposition 2. The relationship between the amplification
ratio and overtime, as most industries exhibit a negative correlation. Additionally, among
negatively correlated industries, only a few amplify demand variance, further weakening
the connection. Thus, the proposed positive correlation between BWE and overtime lacks

sufficient support.

Conversely, the results partially accept the relationship between amplification and gross
job loss, particularly in labor-intensive industries. The observed patterns support the
argument that variance amplification contributes to workforce instability, especially in

labor-dependent sectors.

5.3 Proposition 3: Amplification Ratio vs. Capacity Utilization

The correlation analysis of capacity utilization rates, considered both an underlying factor
and a possible outcome of BWE, revealed that more industries tend to attenuate variance
when capacity is lower. Figure 5.9 shows that out of 20 capacity utilization rate series,
ten are negatively correlated with amplification ratio; among these 10, 5 industries

bullwhip. The correlation coefficient is positive for the two industries.
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Figure 5.9: Bar-chart: Amplification Ratio vs. Capacity Utilization Rate

Figure 5.10 shows that the average capacity utilization rate is nearly equal for both

amplifying and attenuating industries.
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Figure 5.10: Box-plot: Amplification Ratio vs. Capacity Utilization Rate

There can be two explanations for these results. First, as Chen and Lee (2012) pointed
out, limited capacity has a limiting effect on BWE. Since expensive investments are
required to increase capacity, firms are needed to dampen the amplification. Positively
correlated industries such as Computer and Electronics and Electro