Pre prints.org

Article Not peer-reviewed version

Efficiency in Operations of Nasdaq
Listed Technology Companies for 2011-
23

Suneel Maheshwari -~ and Deepak Raghava Naik

Posted Date: 2 April 2024
doi: 10.20944/preprints202404.0168.v1

Keywords: Operating efficiency; NASDAQ; Technology companies; Expenses

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions.of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 April 2024 d0i:10.20944/preprints202404.0168.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Efficiency in Operations of NASDAQ Listed
Technology Companies for 2011-23

Suneel Maheshwari »* and Deepak Raghava Naik?

! Ph.D., Chair and Professor, Department of Accounting and IS, Indiana University of Pennsylvania Indiana,
PA, USA, Email: Suneel@iup.edu

2 Ph.D., Associate Professor, Department of Management Studies, M S Ramaiah Institute of Technology,
Bengaluru, India, E-mail: deepak@msrit.edu

* Correspondence: Suneel@iup.edu

Abstract: As technology continues to play a central role in shaping global industries, the performance of
technology firms on the NASDAQ has significant implications for broader economic trends. Investors, facing
an increasingly complex landscape, require detailed insights to make informed decisions and navigate market
volatility. Moreover, amid the ongoing digital transformation, understanding the operational dynamics of
technology companies is critical for policymakers and regulatory bodies to create frameworks that foster
innovation while ensuring market stability. In the current context, characterized by rapid technological
advancements, market uncertainties, and evolving consumer demands, the need for a comprehensive study on
the operational efficiency of NASDAQ-listed technology companies is more pertinent than ever. Objective of
our study is to identify relationships and patterns among selected financial metrics to assess the operational
efficiency of NASDAQ-listed technology companies between 2011 to 2023. Financial metrics used in the study
include following variables namely revenues, cost of goods sold, operating expenses, research, and
development expenses, selling and general administrative expenses, and operating income. Johansen’s
cointegration methodology is employed to unveil long-term relationships and equilibrium adjustments among
the considered variables. Results of our study underscore the paramount importance of efficiently managing
the cost of goods sold (COGS) for achieving superior operating performance among these leading technology
firms. The findings point to a nuanced interplay among these operational metrics, highlighting the
interconnectedness and sustained relationships among them. This suggests that the top technology companies
exhibit a sophisticated understanding of the dynamics between these variables, allowing them to navigate the
complexities of the industry with strategic finesse.

Keywords: operating efficiency; NASDAQ; technology companies; expenses

Introduction

In the dynamic landscape of technology companies, the pursuit of optimal performance is
paramount, necessitating a comprehensive strategy that meticulously evaluates workforce efficiency
and cutting-edge equipment utilization in financial terms. Technology and innovation leaders
grapple with the challenge of quantifying effectiveness, a task vital to sustaining a competitive edge.
To achieve this, key performance indicators (KPIs) are meticulously defined, tracking metrics such as
product development cycle time, time-to-market, and quality assurance (Balakrishnan et.al., 2008).
Workforce productivity becomes a focal point, with tools like project management software and
performance reviews offering insights into resource allocation and task completion rates (Fometescu
and Hategan, 2024). Innovation metrics gauge the success of research and development efforts,
assessing the ratio of successful product launches to total projects. Cost-benefit analyses and return
on investment calculations scrutinize technology investments, ensuring alignment with long-term
goals (Anderson,1995; Ibrahim, 2023). The utilization of cutting-edge equipment is monitored
through assessments of downtime, maintenance costs, and energy consumption. Cultivating a
culture of continuous improvement and benchmarking against industry standards further refines
performance. In this intricate interplay of metrics and assessments, technology companies navigate
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the path to heightened efficiency and innovation, underlining the symbiotic relationship between
workforce, technology, and financial success (Fometescu and Hategan, 2024). With the rapid
integration of advanced technologies into their operations, this assessment has gained heightened
importance.

Technology leaders wield a distinctive influence on the dual facets of their firms’ financial
health — the bottom line and the top line. By adeptly managing operations, they can elevate critical
factors including quality, variety, speed, reliability, and dependability. This not only enhances the
overall customer experience but also contributes to the generation of augmented revenue streams
(Grasso, 2006). Moreover, the efficient orchestration of inventory, workforce, and cutting-edge
equipment within the operational framework holds the potential for substantial cost reductions
(Barney, 1991). Through strategic deployment of advanced technologies and innovative
methodologies, leaders can optimize the efficiency of their workforce, streamline production
processes, and minimize downtime. The judicious use of cutting-edge equipment, coupled with
astute inventory management, ensures a lean and responsive operational structure (Johnson and
Kaplan, 1987; Biondi et.al., 2014). Consequently, technology leaders play a pivotal role in aligning
operational excellence with financial objectives (Prahalad, C.K. & Hamel, G 1990). By harmonizing
top-line growth with bottom-line efficiencies, they position their firms for sustained success in the
ever-evolving landscape of technology-driven industries (Balakrishnan, 2004).

Pertaining specifically to NASDAQ-listed technology companies, the dual impact of operations
orchestrated by technology leaders emerges as a key determinant of overall profitability. The intricate
interplay between optimizing the bottom line and elevating the top line is especially crucial in this
dynamic sector. Technology leaders within NASDAQ-listed firms navigate a landscape where
operational efficiency is paramount for sustaining competitiveness and meeting the demands of a
rapidly evolving market (Watson, M & Subramaniam, C. 2003, Horobet et.al., 2021). Effective
operations management within these technology companies extends beyond traditional paradigms,
encompassing factors such as quality, variety, speed, reliability, and dependability (Zanjirdar, et.al.,
2014). By enhancing these facets, technology leaders contribute not only to customer satisfaction but
also to the creation of diversified revenue streams. In the context of NASDAQ-listed technology
companies, where innovation and agility are paramount, the ability to streamline production
processes and deploy cutting-edge equipment is integral to maintaining a competitive edge.

Moreover, the astute management of inventory and workforce within operations becomes a
linchpin for cost reduction. Technology leaders strategically leverage advanced technologies to
optimize workforce efficiency and minimize operational downtime (Banker, et.al., 1995). This
judicious use of cutting-edge equipment, coupled with sophisticated inventory management, ensures
a lean and responsive operational structure. In the context of NASDAQ-listed technology companies,
where market dynamics and investor expectations are particularly high, stakeholders are
increasingly seeking tangible methodologies to quantify the financial impact and efficiency of
technology-driven operations. This demand for measurable outcomes underscores the need for
technology leaders to not only champion innovation but also articulate the concrete financial benefits
derived from their operational strategies (Wernerfelt, 1997, Lev and Zarowin, 1999). Clear and
transparent communication regarding the financial impact of operational initiatives becomes crucial
for maintaining investor confidence and attracting capital in this competitive marketplace. As
technology continues to shape the landscape of NASDAQ-listed firms, the ability of technology
leaders to navigate and optimize the dual impact of operations remains central to the sustained
success and growth of these companies in the global market.

The anticipation of heightened sales and increased profitability is closely tied to the efficient
operation of firms, with effective cost management playing a pivotal role. One avenue through which
firms can exert control over expenses is by incorporating cutting-edge and cost-effective technology
into their production systems (Banker et.al,1989). By leveraging state-of-the-art technology,
companies can streamline processes, enhance productivity, and reduce operational costs, ultimately
contributing to improved profitability. Another strategic dimension involves the workforce, where a
focus on productivity, innovation, and efficient utilization becomes paramount (Foster, G & Gupta,
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M 1990). Through innovative management practices and the adoption of modern workforce
optimization tools, firms can unlock the full potential of their employees. This not only leads to
increased output and quality but also ensures that human resources are deployed in the most efficient
and effective manner possible. As firms navigate the competitive business landscape, the adoption
of innovative technologies and practices becomes a distinguishing factor in achieving sustainable
growth. By marrying technological advancements with strategic workforce management, companies
position themselves to thrive in a dynamic market, enhance their competitive edge, and realize the
anticipated boosts in both sales and profitability.

For technology companies, effective management of selling, general, and administrative
expenses (SGA) stand as a critical facet of financial strategy (Nguyen et.al., 2023). In the realm of these
companies, where innovation and agility are imperative, SGA expenses can serve as a pivotal cost
driver influencing both short and long-term operating earnings. A judicious approach to handling
SGA costs is particularly crucial, as technology firms often operate in fast-paced, competitive
environments (Gao et.al, 2018). Strategic management of SGA can translate to reduced
manufacturing costs, positively impacting the overall cost structure of the company. This is
paramount for technology companies seeking higher profitability, especially given the rapid pace of
technological advancements and the need to allocate resources efficiently. By optimizing SGA
expenditures, technology firms can channel resources toward core business functions, research and
development, and the adoption of cutting-edge technologies, fostering innovation and maintaining
a competitive edge (Kaplan, R.S and Norton, D.P.,1996) Moreover, a well-managed SGA framework
enables these companies to navigate market dynamics effectively, adapt to changing customer
demands, and allocate financial resources in a way that supports sustained growth. In essence, the
strategic control of SGA expenses in technology companies becomes a linchpin for financial success,
ensuring a balance between operational efficiency, innovation, and long-term profitability in a
dynamic and evolving industry landscape (Kaplan, R.S and Norton, D.P., 2001).

The efficient management of selling, general, and administrative expenses (SGA) in technology
companies is intricately tied to the cost of goods sold (COGS), creating a robust interdependence that
demands strategic attention. This dynamic relationship underscores the need for comprehensive cost
management strategies that address both SGA expenses and COGS to optimize overall operational
efficiency (Chiosea and Daniela., 2023). Technology companies often find indicators of cost efficiency
in enhancements to their Information Technology (IT) systems, enabling streamlined processes and
improved data-driven decision-making. Operational procedure reorganization is another facet,
allowing for the elimination of redundancies and the enhancement of workflow effectiveness.
Investments in research and development (R&D) play a crucial role, driving innovation that can lead
to the development of more cost-effective products or solutions, thereby influencing both SGA and
COGS (Plotnikova 2023). Moreover, improvements in supporting departments, such as marketing
and administrative functions, contribute to a leaner operational structure, directly impacting SGA.
The synergy of these strategies fosters a cost-efficient environment, aligning with the dynamic nature
of the technology industry. As technology companies strive for sustained competitiveness, this
comprehensive approach not only enhances their ability to navigate market challenges but also
positions them to allocate resources effectively, ensuring a balance between cost containment and
investments in innovation for long-term success (Prahalad and Hamel, 1990).

It's noteworthy that higher selling, general, and administrative (SGA) expenses can, at times,
be a strategic investment rather than a mere financial burden for technology companies. This is
particularly true when these expenses are directed towards acquiring intangible assets or initiatives
that contribute to future operational efficiency and profitability (Riahi and Khoufi, 2016). For
instance, investments in research and development (R&D), employee training, or cutting-edge
technology infrastructure may fall under SGA expenditures but can yield significant long-term
benefits. When management deliberately increases SGA expenses with a focus on acquiring
intangible assets, they may be positioning the company for improved manufacturing processes,
enhanced product quality, or the development of innovative solutions. These strategic investments
in intangibles, while reflecting as higher current SGA expenses, can pave the way for future
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reductions in the cost of goods sold (COGS). The synergistic effect of these investments can ultimately
lead to increased operational efficiency, reduced manufacturing costs, and improved competitiveness
in the market. In such cases, higher SGA expenses can be viewed as a positive indicator of a firm’s
performance, signalling its commitment to innovation and future profitability. Investors and
stakeholders, when evaluating financial reports, may interpret these higher SGA expenditures as a
strategic move rather than an immediate financial strain. The focus shifts from short-term cost
containment to long-term value creation, acknowledging that the upfront investment in intangible
assets may yield substantial returns in terms of product differentiation, market share, and sustained
profitability over time. Therefore, in the context of strategic planning and forward-looking initiatives,
higher SGA expenses can be indicative of a company’s proactive approach to ensuring its relevance
and success in the ever-evolving landscape of the technology industry.

Conversely, when inefficient firms experience higher unintended selling, general, and
administrative (SGA) expenses, it often signals a situation where costs are spiralling out of control,
posing a potential threat to future profitability. This scenario is indicative of operational
inefficiencies, mismanagement, or a lack of cost control measures within the organization.
Unintended increases in SGA expenses may stem from issues such as inefficient processes, redundant
operations, or inadequate resource allocation. To gain a comprehensive understanding of the long-
term impact on operating and financial efficiency, it is crucial to conduct a thorough examination of
the company’s financial data and annual statements. Metrics derived from these documents offer
valuable insights into the health of the firm (Zhang, 2013). Key efficiency indicators include the ratio
of SGA expenses to revenue, trends in operating income, and comparisons with industry
benchmarks. High and escalating SGA expenses, when not aligned with tangible investments in
innovation or strategic initiatives, may erode profit margins and hinder a company’s ability to
compete effectively (Ewert and Wagenhofer, 2005). Investors and analysts closely scrutinize these
metrics to assess the firm’s ability to manage costs, generate sustainable profits, and maintain
competitiveness in the market. Inefficient firms may face challenges in adapting to market dynamics,
which can further exacerbate the negative impact of elevated SGA expenses. Therefore, a proactive
approach to identifying and addressing inefficiencies is essential for preserving and enhancing future
profitability. This might involve process optimization, restructuring, or a reassessment of resource
allocation strategies (Tsolas, 2021). By leveraging financial metrics and conducting a comprehensive
analysis, stakeholders can gauge the effectiveness of a firm’s cost management practices and its
resilience in the face of evolving market conditions.

Technology-based companies listed on NASDAQ represent a diverse and dynamic sector within
the stock market. Comprising a wide range of firms involved in software development, hardware
manufacturing, telecommunications, and various innovative technologies, these companies are
known for their cutting-edge solutions and contributions to the digital landscape. Notable industry
giants such as Apple, Microsoft, and Amazon are among the prominent players listed on NASDAQ.
The sector is characterized by rapid innovation, intense competition, and a focus on disruptive
technologies, including artificial intelligence, cloud computing, and cybersecurity. Investors often
turn to NASDAQ for exposure to high-growth tech stocks, seeking opportunities to capitalize on the
continual evolution of the digital economy. The performance of technology stocks on NASDAQ is
closely watched as a barometer of the industry’s overall health and its impact on global markets.

Our study is thus aimed at competitive analysis of top 25 technology companies listed on
NASDAQ who are the leaders and represent cutting edge technology growth in the industry.
Objective of our study is to identify relationships and patterns among selected financial metrics to
assess the operational efficiency of NASDAQ-listed technology companies between 2011 to 2023.
Financial metrics used in the study include following variables: revenue, cost of goods sold, operating
expenses, research, and development expenses, selling and general administrative expenses, and
operating income. Our study uses cointegration and Granger causality tests which brings a
quantitative lens to the analysis, providing nuanced insights into the long-term relationships and
causative factors influencing operational efficiency. Additionally, the sector-specific approach
recognizes the unique challenges faced by technology firms, such as disruptive innovation cycles and
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global supply chain dynamics. Therefore, this study not only addresses immediate concerns for
investors and stakeholders but also contributes valuable knowledge to the broader discourse on
technology’s role in the contemporary economic landscape.

Data Collection and Methodology

Bloomberg provides access to reliable real time and historical data for publicly traded
companies. Bloomberg data was used as a source for our study. A total of 103 companies data
pertaining to the metrics was downloaded from 2008 to Quarter 3, 2021. Upon screening the data for
sufficiency, it was observed that, only 47 companies had complete data with respect to all the metrics
from year 2011 to 2021. Among these companies, 25 technology related companies were considered
as shown in Table-1(Appendix). Thus, the data downloaded consisted of the income statement and
balance sheets from September, 2011 to September, 2021 for each quarter of top 25 technology
companies by market capitalization which are listed in NASDAQ. Quarterly data for sales, cost of
goods sold (COGS), operating expenses (OExp), research and development expenses (RD), selling
and general administrative expenses (SGA) and operating income (Olnc) for all the 25 technology
companies were collected using Bloomberg as the source. The choice of these efficiency indicators
included variables that suggest effectiveness of managerial control on costs and its impact on the
operating profitability of the technology companies. For example, higher SGA expense can suggest
lack of management control on costs with adverse effect on future profitability. However, contrary
explanation could be the potential to create intangible assets through SGA expenditure. There may
also be “cost stickiness” of SGA expenses as indicated by Anderson et.al., 2007.

We reviewed the autocorrelation that was present in the time series before making any analysis
and eliminated the same. Phillips-Perron unit root test was considered to understand the existence
of stationarity in each time series. For each time series we considered the lag length depending on
the condition of minimizing the Akaike Information Criteria (AIC) values for the indicators which
were considered among the technology companies. Thus, the lag length was considered and selected
by minimizing the AIC over different choices of the lag length. The values of AIC are formulated by
computing the value of the equation

Tlog(RSS) + 2K
Where, T refers to number of observations with K depicting is the number of regressors, and the
residual sum of squares is indicated by RSS.

Our research adopts Johansen’s cointegration methodology (methodology developed by
Johansen (1988) as an alternative and robust framework to delve into equilibrium price adjustments
and ascertain long-run relationships within the context of technology companies. As articulated by
Engle and Granger (1987), the presence of cointegration among a system of variables suggests that
their economic forces interconnect, tethering these variables in a long-run equilibrium relationship.
In essence, the application of Johansen’s cointegration methodology serves as a powerful analytical
tool to explore and understand the intricate dynamics among operating efficiency indicators within
technology companies (Awad and Fahema (2013)). This methodology goes beyond mere correlation
by providing insights into the underlying economic forces that drive long-term relationships among
these variables. By employing this approach, the study aims to uncover the level of integration among
key operational metrics, shedding light on the interconnectedness and equilibrium aspects that define
the operational efficiency landscape in the technology sector. We choose this method over various
choices as it enables testing for the presence of more than one cointegrating vector (Johansen 1988,
1991, 1994; Johansen and Julius, 1990,1991). The method by Johansen is preferable and has many
advantages. To name a few, in the context of our paper is that, identification of the number of
cointegrating vectors was possible. The inferences drawn are based on the number of significant
eigenvalues. We also find that, according to Banerjee (1999), the alternative cointegration tests was
found to have low power in comparison to Johansen’s test. To check for stationarity arising from a
linear combination of variables, the following AR representation for a vector VIS made up of ‘n’
variables is used,
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Where, VTS is found to be at most I(1), Qi represent the seasonal dummies (i.e., a vector of non-
stochastic variables) and c is constant. It needs to be noted that, it would not be necessary that all
variables that make up VTS can be I(1). In order to find cointegration in the system, we need only
two variables in the process to be I(1). However, if only two time series are examined (bivariate
representation) then both have to be I(1). Thus, if error-correction term is appended, then:

s—1 k
VTS, =c+ Z Qi + Z LAVTS, ; + IVTS,_ + & — — — — — 2)
i=1 i=1

The equation is basically a vector representation of equation (1) with the seasonal dummies
added. In the equation, we find all long-run information to be contained in the levels terms, V7S tx
and short-run information is contained in the differences AVTS;_;. The equation (2) would have the
same degree of integration on both sides only if 0= II (the series are not cointegrated). IIVTS,_y, is
(0), which infers cointegration. In order to test for cointegration, the validity of H:(r), shown below,
is tested as:

H =g ——————— 3)
Where, b is found to be matrix of cointegrating vectors with g representing a matrix of error correction
coefficients. The hypothesis Hi(r) is found to imply that the process AVTS, isstationary, and the VTS:
is nonstationary along with S’ VTS: found to be stationary in nature (Johansen, 1991). The results

obtained using the Johansen method yields the Trace and the Amax Statistics which enables in
determination of the number of cointegrating vectors.

Data Analysis and Interpretation

Stationarity tests were conducted and examined for all the 25 companies time series using the
Phillips-Perron (P&P) test. It was observed that the various efficiency indicators of technology
companies were nonstationary without trend (i.e., non-rejection of a1=0), and in most instances with
trend, which indicated the need for cointegrated methodologies (10% level was considered). The
results obtained rejected the presence of drift (ct=0) than trend (c2=0) which indicated the exclusion
of a drift term. Thus, similar to other studies we find non-stationarity in time series (Phillips-Perron,
1988, Brenner and Kroner, 1995, Doukas and Rahman, 1987).

Johansen Tests for Cointegration Rank for Systems (Efficiency Indicators for all Technology
companies)

The results for systems (consisting of various efficiency indicators of technology companies)
using Johansen’s method are presented in Tables 2 to 8. Table-2 provides a brief summary of
cointegration test results for Adobe Inc. The Trace statistics, critical values and p-values are reported.
These are found to be basically likelihood ratio tests with the null hypothesis being Lt+1 = Lreo=......=
Lr = 0, indicating that the system has p-r unit roots, where r is the number of cointegrating vectors.
Using the sequential approach the rank were determined starting with the hypothesis of p unit roots.
If this is rejected, then the next hypotheses L2 = Ls = .....= Ly =0 is tested and so on. For each system
there can be at most n-1 cointegrating vectors (or common factors) that bind the assets in the system
(n being the number of time series in the system). For example, between sales and efficiency
indicators and cost of goods sold and other indicators for oil price and equity indices, there can be at
most I(2-1) common factor. For Adobe Inc. cointegration between sales and operating efficiency
indicators display one cointegrating vector for the all the variables i.e., COGS, OExp, RD, SGA and
Olnc. Similarly, in Table-6, cointegration between COGS and other efficiency indicators provides
similar results. In a system shown in Table-2, which includes all variables there are two cointegrating
vectors suggesting that there are two factors that binds these variables in the long run.
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If we consider all the companies, as shown in Table-3 to Table-8, firstly considering the
cointegration between sales and operating efficiency being mainly COGS indicator displays one
cointegrating vector for the all the companies except for Analog Devices Inc.,, ASML Holding NV,
Cisco Systems, Electronic Arts Inc, Intuit Inc, IDEXX Laboratories, Inc.,, KLA Corporation and
Skyworks Solutions Inc. Similarly, in Table-6,7 and 8, cointegration between COGS and other
efficiency indicators provides similar results.

Secondly, if we consider cointegration between sales and operating expenses, we find the
presence of one and two cointegrating vector for most of the companies except for Intuit Inc, IDEXX
Laboratories, Inc., KLA Corporation, NVIDIA Corp, Skyworks Solutions Inc, Texas Instruments Inc,

Verisk Analytics, Inc., VeriSign, Inc. Similarly, in Tables 6, 7, & 8, cointegration

between COGS and other operating expenses provides similar results.

If we consider cointegration between sales and Research and Development, we find the presence
of one and two cointegrating vector for most of the companies except for ASML Holding NV, Intel
Corporation, Intuit Inc, IDEXX Laboratories, Inc., NVIDIA Corp, Skyworks Solutions Inc, Texas
Instruments Inc. Similarly, in Tables 6, 7, & 8, cointegration between COGS and research and
development provides similar results. If we consider cointegration between sales and SGA, we find
the presence of one and two cointegrating vector for most of the companies except for ASML Holding
NV, Broadcom Inc, Fortinet Inc, Alphabet Inc, Intel Corporation, IDEXX Laboratories, Inc., KLA
Corporation, NVIDIA Corp, Skyworks Solutions Inc, Texas Instruments Inc, Verisk Analytics, Inc.,
VeriSign, Inc.. Similarly, in Tables 6, 7, & 8, cointegration between COGS and SGA provides similar
results. Finally, when we consider cointegration between sales and operating income (OlInc), we find
the presence of one and two cointegrating vector for most of the companies except for Analog Devices
Inc., Cisco Systems, Fortinet Inc, Intuit Inc, NVIDIA Corp, Skyworks Solutions Inc, Texas Instruments
Inc. Similarly, in Tables 6, 7, & 8, cointegration between COGS and Olnc provides similar results.

Based on Tables 9, 10, & 11, Granger Causality tests results are summarized in Table-1a and
Table-1b. Clearly we observe the two-way and one-way causality flows from sales to other operating
indicators and vice versa. Notable is that for few companies such as Activision Blizzard, Inc., Cisco
Systems, Dexcom Inc, Electronic Arts Inc, Alphabet Inc, Intel Corporation, Microsoft Corp, Netflix
Inc, bivariate causality exist between sales and other variables like cost of goods sold, operating
expenses and research and development costs. Significant univariate causality is most often found to
exist from operating variables to sales and not vice versa for majority of the companies. It is
noteworthy to observe that significance is much stronger with SGA expenses having a larger impact
on the sales of Technology companies both in the short and long-term. Similar results were obtained
when Granger Causality tests are run between COGS and other efficiency indicators. Results are even
more significant as COGS Granger cause RD and SGA expenses. This implies that efficient
management of COGS is more important, and if these expense are managed well it could provide
greater flexibility to technology companies to bring about superior operating performance. For
example, if companies deliberately increase SGA and RD expenses it would lead to higher future
operating profitability.

Table 1. (a): Pictorial representation of causal relationship between Sales versus Operating Efficiency
indicators for all the first 13 companies (Adobe Inc. to Intuit Inc) considered in the study. (b): Pictorial
representation of causal relationship between Sales versus Operating Efficiency indicators for all the
remaining companies (IDEXX Laboratories, Inc. to VeriSign, Inc.) considered in the study

(a)
Group (ADBE) [(ADI) (AMAT) [(ATVI) |(AsmL) [(AvGo) |(csco) |(pxcm) [(EA) (FINT)  [(GooGL) [(INTC) | (INT
COGS AND SALES — | —> — | —> | «—p | — —
Oexp and Sales —> | —p |—p | | —> —| | — | —>| «—>
RD and Sales — | — > | | | —|[— | — | —>| ] —r | — | —> | —
SGA and sales — > [ —p | — | « 3] «—] —>] < — —
Oincand sales > «— « «— |+— [« PR - S—

(b)
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8
Group (IDXX) | (KLAC) |(LRCX) |(MCHP) [(MSFT) |(NFLX) |(NVDA) |(QcOMm) |(SWKS) |(TXN) |(VRSK) | (VRSI
COGSANDSALES | <—— +—p| — | —> — | — | — | —> | — [ «—
OexpandSales | —>» | —» | —>» | — > | «—»| > | — [ < N —
RD and Sales — > | — | —> | — —>| —p | —» < r| —> | —» | —>| ——
SGA and sales —_— | —> | —— | —> —p| — — 5 | 5 | —> | < > > | ——
Oinc and sales D — — | —p | — [ — | — [ —> [ «—

&>, €, 2 denotes two-way, one-way (from right indicator to left) and one-way (from left indicator variable to
right) causal relationship as per the significance levels as shown in Table-9, Table-10, and Table-11.

Discussion of the Results

Cumulatively, the results of the study present an intuitive and coherent narrative. The
interconnectedness of operating efficiency indicators within technology companies suggests a
strategic relationship that highlights how firms and their management can exert effective control over
these expenses, ultimately paving the way for higher future profitability. The findings underscore
the notion that operating efficiency, as reflected in metrics such as cost of goods sold (COGS), plays
a pivotal role in determining the success of technology companies. The study implies that a judicious
management of COGS can lead to superior operating performance, distinguishing successful
technology firms in their ability to optimize resources and drive profitability. This insight contributes
to a holistic understanding of the operational dynamics within the technology sector, emphasizing
the strategic significance of managing costs effectively for sustained success and competitiveness. By
elucidating these connections and implications, our study provides valuable insights for industry
practitioners, policymakers, and investors seeking to navigate the intricacies of the technology
landscape.

The identification of cointegration between assets implies a sustained relationship in their prices
over the long term. The study observes that higher levels of cointegration, as evidenced by the
number of cointegrating vectors, can suggest potential candidates for hedging strategies.
Interestingly, the research notes that certain cost drivers, such as operating expenses, do not exert a
significant effect on the cost efficiency of technology companies. This nuanced observation
emphasizes that not all operational components impact cost efficiency uniformly. From a causality
perspective, the study elucidates that causality flows from sales to key operational components like
cost of goods sold (COGS), selling, general, and administrative expenses (SGA), and operating
profitability. Notably, SGA expenses exhibit bivariate causality with sales, signifying its pivotal role
as one of the most influential cost drivers for technology firms. This underscores the importance of
strategic management of SGA expenses in achieving cost efficiency and future profitability. In the
context of causality tests between COGS and other efficiency indicators, the study underscores that,
for technology firms, the combined influence of COGS and SGA emerges as the most critical
determinants of efficiency. This suggests that optimizing the cost structure through careful
management of both COGS and SGA is paramount for technology companies aiming to achieve
higher future profitability. The findings provide valuable insights into the intricate relationships
between key operational metrics, offering guidance for firms seeking effective strategies to enhance
their competitiveness and financial performance in the dynamic landscape of the technology
industry.

Conclusion

In conclusion, our paper delves into the operational efficiency of the world’s top technology
companies, entities situated at the forefront of technological innovation. Leveraging quarterly data
sourced from Bloomberg, the study focuses on key operational metrics, including operating expenses,
research, and development expenses, selling and general administrative expenses, and operating
income. Through the application of both Johansen’s cointegration and Granger’s causality tests, the
research elucidates critical insights into the strategic management of these operational components
by successful technology companies. The findings underscore the paramount importance of
efficiently managing the cost of goods sold (COGS) for achieving superior operating performance
among these leading technology firms. Johansen’s cointegration methodology is employed to unveil
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long-term relationships and equilibrium adjustments among the considered variables. The results
point to a nuanced interplay between these operational metrics, highlighting the interconnectedness
and sustained relationships among them. This suggests that the top technology companies exhibit a
sophisticated understanding of the dynamics between these variables, allowing them to navigate the
complexities of the industry with strategic finesse.

Moreover, Granger’s causality tests reveal the directional relationships between sales, COGS,
selling and general administrative expenses (SGA), and operating profitability. Notably, the study
demonstrates that causality flows from sales to COGS, SGA, and operating profitability, emphasizing
the pivotal role of sales in driving overall efficiency and profitability. SGA expenses, in particular,
exhibit a bivariate causality with sales, indicating its significance as a crucial cost driver for these
successful technology firms. This aligns with the industry’s emphasis on strategic management of
administrative and selling expenses to achieve optimal operational efficiency. The research further
suggests that the efficient management of COGS provides greater flexibility to technology companies,
allowing them to enhance their operating performance. This implies that cost control in production
processes and supply chain management is a key determinant of success in the technology sector.
These insights contribute to a deeper understanding of the operational strategies employed by top
technology companies, providing valuable guidance for industry practitioners, investors, and
policymakers.

As a forward-looking note, the paper highlights the potential for future research to extend these
findings to other sectors, specifically exploring if the observed relationships hold true in industries
such as industrial manufacturing, aerospace, and defence. This suggests a broader applicability of
the study’s insights and opens avenues for comparative analyses across diverse sectors, offering a
comprehensive understanding of the operational dynamics that contribute to success in different
industries. In essence, the paper provides a comprehensive analysis of the efficiency drivers within
the top technology companies, showcasing the intricate relationships among key operational metrics.
The results not only contribute to the academic understanding of operational efficiency but also offer
actionable insights for industry stakeholders seeking to navigate the complexities of the ever-
evolving technology landscape.

Annexure

Table 1. List of 25 Top Technology companies considered for study.

SL.No Companies SL.No Companies
1 Adobe Inc. (ADBE) 14 IDEXX Laboratories, Inc. (IDXX)
2 Analog Devices Inc. (ADI) 15 KLA Corporation (KLAC)
3 Applied Materials Inc. (AMAT) 16 Lam Research Corp (LRCX)
4 Activision Blizzard, Inc. (ATVI) 17 Microchip Technology Incorporated (MCHP)
5 ASML Holding NV (ASML) 18 Microsoft Corp (MSFT)
6 Broadcom Inc (AVGO) 19 Netflix Inc (NFLX)
7 Cisco Systems (CSCO) 20 NVIDIA Corp (NVDA)
8 Dexcom Inc (DXCM) 21 Qualcomm Inc (QCOM)
9 Electronic Arts Inc (EA) 22 Skyworks Solutions Inc (SWKS)
10 Fortinet Inc (FTNT) 23 Texas Instruments Inc (TXN)
11 Alphabet Inc (GOOG and GOOGL) 24 Verisk Analytics, Inc. (VRSK)
12 Intel Corporation (INTC) 25 VeriSign, Inc. (VRSN)
13 Intuit Inc (INTU)
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Table 2. Long-Term relationship between Sales versus Operating Efficiency indicators for Adobe Inc

(ADBE) using Johansen’s Cointegration methodology.

Critical Values

Company Group Trace Prob
(%)
Sales vs COGS 0 61.99** 25.87 0.0000
1 9.08 12.52 0.1757
Sales vs OExp 0 61.22%** 25.87 0.0000
1 9.07 12.52 0.1762
Sales vs RD 0 65.01*** 25.87 0.0000
1 13.12* 12.52 0.0396
Sales vs SGA 0 49.327%* 25.87 0.0000
Adobe Inc. (ADBE) 1 7.37 12.52 0.3075
Sales vs Oinc 0 55.31%** 25.87 0.0000
1 12.99** 12.52 0.0416
Sales vs Efficiency
Indicators 0 80.73%** 69.82 0.0052
1 44.99* 47.86 0.0907
2 20.78 29.80 0.3713
3 9.71 15.49 0.3034
4 2.47 3.84 0.1160

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual

autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables

in Johansen and Juselius (1990) paper. The ***, **, * denotes significance levels of 1 percent, 5 percent and 10

percent respectively.

Similarly, long-Term relationship between Sales versus Operating Efficiency indicators for 24 remaining
companies is summarized in the Table-3 given below:

Table 3. Long-Term relationship between Sales versus Operating Efficiency indicators for first 10

companies (Adobe Inc to Fortinet Inc as given in Table-1) using Johansen’s Cointegration

methodology.
Group (ADB (AMA (ATV (ASM (AVG (CSsC (DXC (FINT
E) (ADI) T) ) L) 0) 0) M) (EA) )
Sales  vs 61.99* 20.37* | 38.57* 15.60* 34.73**
COGS * 12.69 * * 15.91 * 6.52 * 11.37 10.53
9.08 1.56 0.31 4.77%* 0.01 1.84 0.02 7.55%* | 0.08 0.62
Sales  vs 61.22* 16.40* | 26.49* 34.99*% | 18.08* | 43.11** | 21.08*
OExp * 14.96* * * 12.12 * * * * 14.22*
3.973* 11.91*
9.07 | 583" | 0.33 * 0.27 241 0.71 * 0.96 3.18*
Sales  vs 65.01* | 22.52* | 16.40* | 44.74* 31.50* | 18.03* | 43.57* | 16.28*
RD ok - * ok 547 ok * * * 14.28*
13.12* 16.78* 13.86**
* 6.09* | 048 ** 0.85 8.32*%* | 0.73 * 0.73 2.11
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Sales  vs 49.32* 27.24* | 31.96* 20.38* | 20.43** | 31.87*
SGA 0 ** 14.95*% ** ** 9.61 13.11 ** * ** 9.74
1| 7.37 4.81** 0.44 3.00% 0.00 1.78 0.18 3.02% 1.32 1.52
Sales Vs 55.31* 17.23* | 27.39* 26.89*
Oinc 0 o 12.98 * o 15.29* o 10.76 14.62* | 14.60* 4.57
12.99* 7.28**
1 * 3.80% 0.45 * 0.15 2.34 0.46 3.48% 1.17 0.03
Sales  vs
Efficiency 80.73* | 97.84* 99.10* | 57.58** | 95.69* | 85.59* | 108.75* | 98.59* | 206.47
Indicators | 0 - - 62.41 - * - - - - -
52.50% 51.23* 50.28% 62.28% | 113.91
1| 44.99% * 35.48 * 31.20* | 43.89 * 49.18** ** e
35.60* | 49.92**
21 20.78 | 25.50 12.54 19.22 9.55 23.03 | 27.39* | 24.14 ** *
19.30%
3| 9.71 8.95 5.32 4.24 1.46 10.46 9.40 11.66 * 11.51
4| 247 0.46 0.68 0.01 0.07 1.93 0.64 5.32%* 2.04

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual
autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables
in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.
The ***, **, * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.

Table 4. Long-Term relationship between Sales versus Operating Efficiency indicators for other 10
companies (Alphabet Inc to NVIDIA Corp as given in Table-1) using Johansen’s Cointegration

methodology.
Group r | (GOO (INT (INTU @IDXX (KLA (LRC (MCH (MSFT (NFL  (NVD
GL) 0) ) ) 0) X) P) ) X) A)
Sales  vs 16.03 1549 | 16.50* | 24.37* | 34.12* | 16.28*
COGS 0| 16.45* * 4.40 9.18 9.26 * * * * *
1 0.57 0.02 1.58 1.28 0.96 0.17 2.62 6.15%* | 4.20* | 4.19**
Sales vs 20.80** | 16.63 18.06 | 23.87* | 23.04* | 16.01*
OExp 0 * * 9.64 4.08 9.02 * * * * 13.07
7.28**
1| 347 0.14 0.83 0.21 1.76 0.68 * 5.41* 0.78 3.87**
Sales vs 28.45%* 14.72 | 24.19* | 23.83* | 28.69*
RD 0 * 8.52 3.00 524 | 17.04** * ** ** ** 12.85
8.51** | 10.30* | 8.68**
1 1.54 0.29 0.39 0.05 2.76* | 4.51* * ** * 3.97%*
Sales vs 36.94 | 2047* | 29.26* | 17.90*
SGA 0| 1274 7.72 14.25* 7.68 5.23 i * * * 12.94
1| 2.80% 0.28 0.52 1.35 0.97 2.06 | 3.86** | 4.63** 1.67 3.65%
Sales  vs 14.44 17.79* 14.70 | 17.40* | 20.48* | 19.80*
Oinc 0| 13.43* * 5.22 * 18.72** * * * * 12.94
1| 2.70% 0.02 0.20 1.29 1.71 1.18 3.07% | 4.20% | 2.72*% | 3.91**
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Sales  vs
Efficiency 100.79* | 88.37 | 115.56 | 100.79 | 85.09** | 72.00 124.79 | 96.44* | 95.66*
Indicators | 0 - - - . * - 68.92% . - -
56.72** | 50.17 | 73.80* | 56.72*% 65.99% | 53.26* | 49.76*
1 * o o o 32.43 39.97 | 37.74 o * *
40.28* 31.71%
21 23.11 25.73 o 23.11 16.41 13.11 21.54 * 22.29 | 28.32*
16.30*
3 8.01 6.26 * 8.01 6.34 5.48 6.68 14.24* 6.51 14.71*
41 3.06% 0.54 | 4.39** | 3.06* 0.22 0.05 0.65 0.76 1.72 5.82%*

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual
autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables
in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.
The ***, ** * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.

Table 5. Long-Term relationship between Sales versus Operating Efficiency indicators for remaining
5 companies (Qualcomm Inc to VeriSign, Inc. as given in Table-1) using Johansen’s Cointegration

methodology.
Group r (QCOM) (SWKS) (TXN) (VRSK) (VRSN)

Sales vs COGS 0 22.677%%* 7.96 13.76% 29.69%** 24.51%*
1 3.25* 1.42 4.57%* 5.86** 0.16

Sales vs OExp 0 18.38** 9.29 3.95 12.11 11.39
1 2.24 1.43 0.06 4.10** 3.43*

Sales vs RD 0 44.69*** 8.67 6.35 22.43*** 14.33*
1 13.69*** 1.41 0.00 5.97** 5.58**

Sales vs SGA 0 15.40% 4.49 8.17 11.99 9.41
1 1.44 0.22 1.70 4.02** 4.04**

Sales vs Oinc 0 17.28** 7.64 3.70 16.70** 18.2**
1 2.59 1.35 0.01 6.34%** 1.30

Sales vs Efficiency

Indicators 0 78.85%** 79.86*** 93.55%** 48.16™ 82.98***
1 44.82% 31.78 48.36™* 27.75% 50.25%*
2 20.21 14.32 26.26 12.43 22.23
3 6.64 6.58 11.74 0.92 10.51
4 0.00 0.37 1.14 3.94**

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual
autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables
in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.
The ***, ** * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.

Table 6. Long-Term relationship between COGS versus Operating Efficiency indicators for first 10
companies (Adobe Inc to Fortinet Inc as given in Table-1) using Johansen’s Cointegration
methodology.

(ADB | (ADI
Group r | (AMA (ATVI (ASML (AVG (CSC (DXC (FIN

E)
T) ) ) 0) 0) M) (EA) T)
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COGS  vs 65.31* 37.74** | 25.10* 31.22* | 21.22* 19.62*
OExp 0 ** 9.55 * ** 12.02 ** ** 42.60*** | 8.17 *
9.18**
1 * 1.41 0.51 3.80* 0.48 0.84 0.07 | 11.06*** | 1.29 | 2.96*
COGS  vs 67.69* | 18.11 | 29.88** | 33.26* 29.58* | 19.56* 15.86 | 18.41*
RD 0 - - * . 4.90 . * 49.86%** - *
12.56* 11.43* 4.13*
1 * 1.36 0.65 * 1.00 726 | 0.02 | 13.44*** * 1.88
COGS  vs 47.25* 20.81* 20.29*
SGA 0 * 8.67 | 19.30** * 9.99 10.41 * 18.25** | 7.72 | 13.28
1| 093 2.06 1.01 1.22 0.01 1.08 0.11 2.52 0.30 1.24
COGS  vs 31.28* 32.38* 20.17*
Oinc 0 ** 10.93 | 16.50** * 16.61** * 4.45 11.87 1241 | 3.98
8.36** 9.50**
1 * 1.47 0.29 * 0.15 0.37 0.05 1.07 0.10 0.04

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual
autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables
in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.
The ***, **, * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.

Table 7. Long-Term relationship between COGS versus Operating Efficiency indicators for other 10
companies (Alphabet Inc to NVIDIA Corp as given in Table-1) using Johansen’s Cointegration

methodology.
Group r | (GOOG (INT ((INTU (@IDX (KLA (LRC (MCH (MSF (NFLX (NVD
L) 0 ) X) 0 X) P) T) ) A)

COGS vs 18.10* | 25.15* | 25.72* | 33.49*
OExp 0| 18.15* | 7.02 15.48 7.59 | 17.06** * * * * 13.07
1| 4.03* 0.83 1.39 0.11 0.47 0.23 | 9.04** | 3.06* 1.10 4.32%*

COGS vs 22.70%* 17.32* | 25.38% | 45.93*
RD 0| 16.80** | 9.83 6.15 10.02 * 4.61 * * * 10.02

8.81**

1 0.01 0.25 1.10 2.18 0.48 0.58 | 5.05** * 8.15*** | 3.35%

COGS vs 15.84* 21.34* | 30.50* | 31.55%
SGA 0| 20.27*** | 5.96 * 8.62 4.85 12.54 ** ** ** 13.43
1| 2.94* 0.69 1.57 0.00 0.69 0.27 | 8.10** | 5.14* | 3.48* | 4.18**

COGS vs 21.31* | 47.63*
Oinc 0| 18.15* | 9.24 6.39 13.42 7.63 13.14 | 13.63* ** ** 11.93

12.05*
1| 4.03* 0.30 1.32 0.11 1.21 0.16 248 1.81 ** 4.23*

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual
autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables
in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.
The ***, ** * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.
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Table 8. Long-Term relationship between COGS versus Operating Efficiency indicators for remaining

5 companies (Qualcomm Inc to VeriSign, Inc. as given in Table-1) using Johansen’s Cointegration

methodology.
Group r (QCOM) (SWKS) (TXN) (VRSK) (VRSN)
COGS vs OExp 0 17.64** 26.24%** 9.95 11.26 9.50
1 5.20%* 1.88 0.08 1.31 0.09
COGS vs RD 0 36.75%** 16.39** 8.49 15.21* 12.23
1 5.19%* 2.67 0.75 4.72%* 0.24
COGS vs SGA 0 12.54 31.08*** 14.21* 11.66 6.77
1 5.02%* 0.36 3.56% 1.56 0.32
COGS vs Oinc 0 11.18 6.90 8.15 16.99** 22.84%*
1 2.90* 3.17* 0.03 6.39** 0.23

The optimal lag length for Johansen cointegration method is obtained from an examination of the residual

autocorrelation function of the cointegrating regressions. Critical values for Johansen test are taken from tables

in Johansen and Juselius (1990) paper. Only Trace values are provided in each column against the companies.

The ***, **, * denotes significance levels of trace levels at 1 percent, 5 percent and 10 percent respectively.

Table 9. Pairwise Granger causality between sales and efficiency indicators for first 10 companies

(Adobe Inc to Fortinet Inc as given in Table-1) .

(AD | (AD | (AM | (AT (AV | (CSC (FT
Group (ASM (DXC | (EA)

BE) 1] AT) A% ) GO) | O) NT)

L) M)

COGS does not Granger 3.49*
Cause Sales 0.32 | 0.72 0.63 * 0.22 075 | 2.67*| 3.36* | 1.13 | 1.04
Sales does not Granger 5.34%* 5.39%
Cause COGS 0.55 | 0.63 | 248*| 0.70 1.16 1018 | 4.94% 1216
OExp does not Granger | 23.14 | 0.13 | 1.51" | 11.29 | 2.34™ | 0.63** | 0.14* 0.65% | 5.21*
Cause Sales PRT R % . % % 2 | g gzent . -
Sales does not Granger | 8.76* 6.63** | 6.19* | 5.68** | 17.67* 9.05%
Cause OExp 217 * b * l2.82% | 4.94* 1071
RD does not Granger | 23.95 | 2.37 | 4.01" | 12.86 | 1.86™ | 4.52°* | 1.54* 1.13* | 5.93%
Cause Sales - - % - % % x| g g - -
Sales does not Granger 9.52*% 5.21*% 6.34*
Cause RD 0.17 | 1.87 1.33 o 0.38 | 4.32** 1 3.66™ | 0.96
SGA does not Granger | 19.15 | 1.96 | 3.77** | 9.95* | 1.09** | 1.40** | 3.89* 1.24* | 1.72%
Cause Sales - - % - % % 2| () 760 - -
Sales does not Granger | 1047 | 4.83 | 10.73* | 9.86* | 4.26** 4.90% 1548
Cause SGA o »* o »* | 3.47% | 3.24* ol 1.82
OInc does not Granger | 8.84* 6.42%
Cause Sales 10010 1.11 »* 2.09 018 | 0.23 014 | 031 | 1.77
Sales does not Granger | 4.15* 10.26* | 6.86* | 7.69* | 7.96* | 3.35%
Cause Olnc *| 2.01 o »* * * *3.37% | 2.81% | 2.05

wx ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 April 2024 d0i:10.20944/preprints202404.0168.v1

15
Table 10. Pairwise Granger causality between sales and efficiency indicators for other 10 companies
(Alphabet Inc to NVIDIA Corp as given in Table-1).
(GOO | (IN (ID (LR | MC | (MS NV
Group (INT (KLA (NFL
GL) TO) XX) CX) | HP) | FD) DA)
U) Q) X)
COGS does not Granger 4.77 4.09* 8.27%*
Cause Sales 1 058 | 111 0.07 2.36 *| 093] 326%| 222 *
Sales does not Granger 3.47% | 4.51 | 7.89%
Cause COGS 124 | 027 | 1.70 | 2.57% 1.22 * * #1215 1.67
OExp does not Granger 543 | 0.66* | 1.53** | 0.05* | 0.26** | 2.84* | 0.97** | 0.84* | 5.30* | 0.28**
Cause Sales - - % . % . % - % %
Sales does not Granger 3.57% 7.19*
Cause OExp 2.08 1147 ] 041 2.28 | 0.58 1.92 =1 2.96% 1.24
RD does not Granger 10.5 | 0.22* | 0.67** | 0.15% | 3.43* | 2.96* | 0.03** | 1.37* | 5.66** | 0.68**
Cause Sales gk - % - % - % - % %
Sales does not Granger 4.39 5.36** 3.58%
Cause RD | 171 0.42 | 0.65 *| 1.80 | 2.82% 1039 0.98
SGA does not Granger 6.55 | 2.35% | 1.90** | 0.07* | 1.25** | 14.81 | 1.81** | 5.88* | 4.88** | 0.92**
Cause Sales - - % . % . % - % %
Sales does not Granger 6.01 7.83*
Cause SGA B 103.07% | 071 215 0.82 1008 | 2.67*% | 4.25% | 1.50
OInc does not Granger
Cause Sales 227 | 046 | 0.61| 0.08 | 400" | 1.93 145 | 0.54| 3.20%| 020
Sales does not Granger 4.94 | 537% 7.71%* 5.83%
Cause Olnc i #1228 | 0.61 124 0.07 1 3.407 | 2.62*
wex ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.

Table 11. Pairwise Granger causality between sales and efficiency indicators for remaining 5

companies (Qualcomm Inc to VeriSign, Inc. as given in Table-1) .
Group (QCOM) | (SWKS) (TXN) (VRSK) (VRSN)
COGS does not Granger Cause Sales 2.19 0.99 2.94* 0.77 4.24%
Sales does not Granger Cause COGS 3.32%* 3.61%** 2.00 9.09*** 3.70%**
OExp does not Granger Cause Sales 0.68*** 3.27%% 4.70% 0.66*** 0.49*
Sales does not Granger Cause OExp 1.02 1.97 8.18*** 1.95 2.86%
RD does not Granger Cause Sales 2.97%* 0.22%** 2.63*** 1.20%* 1.44%%
Sales does not Granger Cause RD 15.32%* 2.24 1.95 7.73%%* 0.99
SGA does not Granger Cause Sales 0.06%** 0.40%** 9.58*** 0.60%*** 0.69***
Sales does not Granger Cause SGA 0.69 1.09 6.76*** 1.88 0.00
OInc does not Granger Cause Sales 0.73 2.27 6.36%** 0.58 1.73
Sales does not Granger Cause Olnc 2.65* 7.52%%* 0.88 4.60** 1.48

wex ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.

Table 12. Pairwise Granger causality between COGS and efficiency indicators for first 10 companies
(Adobe Inc to Fortinet Inc as given in Table-1) .
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(AD | (A | (AM | (AT (AV | (CSC (EA | (FT
Group (ASM (DXC

BE) DI) | AT) VI GO) | O ) NT)

L) M)
OExp does not Granger | 27.69 6.42* 10.70* | 2.78 | 7.35%
Cause COGS w072 1.87 o 2.02 072 | 0.06 o * o
COGS does not Granger | 9.53* 6.86% | 529% | 12.51* | 6.77%
Cause OExp 1 1.37 | 2.65% - * - 627 025 | 1.17
RD does not Granger | 28.08 5.78% | 11.94 14.90* | 7.42 | 7.93*
Cause COGS x| 1.14 * o 1.59 | 4.37* | 021 i o i
COGS does not Granger 13.27 5.19*
Cause RD 0.15 | 0.68 0.33 o 0.00 | 4.76** 1 4.30% | 0.67 | 1.91
SGA does not Granger | 22.29 7.68*
Cause COGS 1082 | 3.72% * 191 | 2.51* | 0.09 0.99 | 1.74 | 3.11*
COGS does not Granger | 11.42 3.08*
Cause SGA w238 | 4.03* *| 3.68%* 1.84 | 2.59* 0.98 | 0.08 | 1.25
OInc does not Granger | 7.08* 3.84%
Cause COGS **10.53 1.81 * 2.04 1.02 | 013 044 | 1.74 | 1.12
COGS does not Granger 2.57 | 9.18* | 8.07* | 7.56**
Cause Olnc 2.74% * * o *| 436% | 098 | 299*| 098 | 1.30
wex ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.
Table 13. Pairwise Granger causality between COGS and efficiency indicators for other 10 companies
(Alphabet Inc to NVIDIA Corp as given in Table-1).
Group (GO0 | (N (INT b (KLA (LR | (e M5 (NFL NV
GL) TC) XX) CX) | HP) | FT) DA)
U) Q) X)

OExp does not Granger
Cause COGS 4.66* | 047 | 0.64 | 2.03 097 | 515 | 224 | 2.98*| 218 1.79
COGS does not Granger 6.15** 8.61* | 8.00% | 5.49*
Cause OExp 6.89%* | 2.02 1.01 | 0.04 *1313*| 1.29 ** o *
RD does not Granger 5.69% 3.85%
Cause COGS 3.90** | 0.57 | 042 i 0.52 | 0.20 | 4.36* 1084 0.13
COGS does not Granger 4.99* | 10.39* 3.32*
Cause RD 9.97** | 1.51 0.88 * | 0.04 1.08 *1 010 3.19*
SGA does not Granger 9.14*
Cause COGS 4.07* | 088 | 022 0.99 0.68 | 3.20* | 5.08* =1 181 2.14
COGS does not Granger 7.71%
Cause SGA 9.65*** | 1.77 | 042 | 0.78 0.72 | 2.46 1.14 | 0.55 | 3.50%*
OInc does not Granger 3.72%
Cause COGS 149 | 034 | 036 | 2.56* 0.52 | 2.32 0.53 | 0.62 *1 029
COGS does not Granger 3.87* 7.62%
Cause Olnc 3.35% *1 025 1.03 1.53 | 1.32 0.18 o 2.97% | 3.77%*

wx ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.
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Table 14. Pairwise Granger causality between COGS and efficiency indicators for remaining 5

companies (Qualcomm Inc to VeriSign, Inc. as given in Table-1) .
Group (QCOM) | (SWKS) (TXN) (VRSK) (VRSN)
OExp does not Granger Cause COGS 3.08 1.99 4.84** 2.43 0.25
COGS does not Granger Cause OExp 0.01*** 12.75% 10.33%** 2.28 2.35
RD does not Granger Cause COGS 3.43** 0.70 1.68 0.97 0.46
COGS does not Granger Cause RD 15.78*** 148 2.32 4.28** 4.46**
SGA does not Granger Cause COGS 0.81 6.27*** 3.48** 2.29 1.07
COGS does not Granger Cause SGA 1.01 1.15 2.82*% 2.29 0.47
OInc does not Granger Cause COGS 2.18 1.13 8.65™** 4.87** 3.87**
COGS does not Granger Cause Olnc 1.61 2.90% 3.31** 3.81** 1.65

wx ** % denotes significance levels of trace levels at 1 percent, 5 percent, and 10 percent respectively.

References

1.  Anderson, M., Banker, R., Huang, R., & Janakiraman, S. (2007) ‘Cost Behavior and Fundamental Analysis
of SG&A Costs’, Journal of Accounting, Auditing & Finance, Vol. 22, No. 1, pp.1-28.

2. Anderson, M. C,, Banker, R. D., & Janakiraman, S. N. (2003) ‘Are Selling, General, and Administrative Costs
“Sticky”?’, Journal of Accounting Research, Vol. 41, No. 1, pp.47-63.

3.  Anderson, Shannon. (1995) ‘Measuring the impact of product mix heterogeneity on manufacturing
overhead cost’, The Accounting Review, Vol. 70, pp.363-387.

4. Awad, Ibrahim & Jayya, Fahema. (2013) “‘Working Capital Management, Liquidity and Profitability of the
Manufacturing Sector in Palestine: Panel Co-Integration and Causality’, Modern Economy, Vol. 04. pp. 662-
671.

5. Balakrishnan, Ramji & Gruca, Thomas. (2008) ‘Cost Stickiness and Core Competency: A Note’,
Contemporary Accounting Research, Vol. 25, No. 4, pp.993-1006.

6. Balakrishnan, R., Petersen, M. ]J., & Soderstrom, N. S. (2004) ‘Does Capacity Utilization Affect the
“Stickiness” of Cost?’, Journal of Accounting, Auditing & Finance, Vol. 19, No. 3, pp.283-300.

7. Ball, Ray & Jayaraman, Sudarshan & Shivakumar, Lakshmanan. (2011) ‘Audited Financial Reporting and
Voluntary Disclosure as Complements: A Test of the Confirmation Hypothesis’, Journal of Accounting and
Economics. Vol. 53.

8.  Banker, Rajiv & Potter, Gordon & Schroeder, Roger. (1995) ‘An Empirical Analysis of Manufacturing
Overhead Cost Drivers’, Journal of Accounting and Economics. Vol. 19, pp.115-137.

9.  Biondi, Yuri & Tsujiyama, Eiko & Glover, Jonathan & Jenkins, Nicole & Jorgensen, Bjorn & Lacey, John &
Macve, Richard. (2014). “Old Hens Make the Best Soup’: Accounting for the Earning Process and the
IASB/FASB Attempts to Reform Revenue Recognition Accounting Standards’, Accounting in Europe, Vol. 11.
pp- 13-33.

10. Chiosea, Dorotheea & Hategan, Camelia Daniela. (2023) ‘“The Impact Of Crisis Situations On The Financial
Indicators Of Romanian Companies’, Journal of Financial Studies, Vol. 8. pp. 42.

11. Datar, S, R. Banker, S. Kekre, and T. Mukhopadhyay. (1990) ‘Cost of Product and Process Complexity.’
Chap. 9 in Measures for Manufacturing Excellence, edited by Robert S. Kaplan, pp.269-290. Boston: Harvard
Business School Press.

12.  Barney, Jay. (1991) ‘Firm Resources and Sustained Competitive Advantage’, Journal of Management. Vol. 17,
pp-3-10.

13. Engle, R. F.,, & Granger, C. W. ]. (1987) ‘Co-Integration and Error Correction: Representation, Estimation,
and Testing’, Econometrica, Vol. 55, No. 2, pp.251-276.

14. Ewert, Ralf & Wagenhofer, Alfred. (2005) ‘Economic Effects of Tightening Accounting Standards to Restrict
Earnings Management’, The Accounting Review, Vol. 80.

15. Fometescu, Adelina & Hategan, Camelia Daniela. (2024). “The Non-Financial Information Contribution to
Value Creation for Companies’. Audit Financiar. Vol. 21. pp. 177-188.

16. Foster, George & Gupta, Mahendra. (1990) ‘Manufacturing overhead cost driver analysis’, Journal of
Accounting and Economics. Vol. 12, pp.309-337.

17. Gao, Xiangyun & Huang, Shupei & Sun, Xiaoqgi & Hao, Xiaoqing & An, Feng. (2018) ‘Modelling
cointegration and Granger causality network to detect long-term equilibrium and diffusion paths in the
financial system’, Royal Society Open Science. Vol.5. 172092.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 April 2024 d0i:10.20944/preprints202404.0168.v1

18

18. Grasso, Lawrence P. (2006). ‘Barriers to lean accounting’, Cost Management, Vol. 20, pp.6-19.

19. Horobet, Alexandra, Stefania Cristina Curea, Alexandra Smedoiu Popoviciu, Cosmin-Alin Botoroga,
Lucian Belascu, and Dan Gabriel Dumitrescu. (2021) “Solvency Risk and Corporate Performance: A Case
Study on European Retailers” Journal of Risk and Financial Management, Vol. 14, no. 11, pp.536.

20. Ibrahim, Mukdad. (2023). ‘The effect of accounting and market indicators on the firm value’, International
Journal of Research in Finance and Management. Vol. 6, pp.164-168.

21. Johansen, S. and K Juselius (1992) ‘Testing structural hypotheses in a multivariate cointegration analysis of
the PPP and the UIP for UK, Journal of Econometrics, Vol. 53, No. 1-3, pp. 211-244.

22. Johnson, H. & Kaplan, Robert. (1987) ‘The Rise and Fall of Management Accounting’, Engineering
Management Review, IEEE. Vol. 15, pp. 36 - 44.

23. Kaplan,R.S and Norton, D.P.(1996) ‘“The Balance Scorecard’, Harvard Business School Press, Boston, MA

24. Kaplan,R.S and Norton, D.P.(2001) ‘The Strategy Focused Organization’, Harvard Business School Press,
Boston, MA

25. Lev, Baruch & Zarowin, Paul. (1999). ‘The Boundaries of Financial Reporting and How to Extend Them’,
Journal of Accounting Research. Vol. 37.

26. Nguyen, Thi Minh Phuong, and Thi Hai Chau Ngo. (2023). “Determinants Influencing the Application of
Lean Accounting: The Case of Vietnamese Garment Firms” Journal of Risk and Financial Management Vol. 16,
No. 5: pp. 279.

27. Plotnikova, Natal'ya. (2023). ‘Assessing the imbalance in interaction between ESG rating indicators and the
financial performance of companies’, Finance and Credit. Vol. 29. pp. 2841-2859.

28. Prahalad, C.K. & Hamel, Gary. (1990). The Core Competence of the Corporation. Harvard business review.
Vol. 68, No. 5, pp.79-91.

29. Riahi, Olfa & Khoufi, Walid. (2016) ‘Effect of fair value accounting on the company’s reputation’,
International Journal of Accounting and Economics Studies. Vol. 4, pp. 36.

30. Subramaniam, Chandra & Watson, Marcia. (2016) ‘Additional Evidence on the Sticky Behavior of Costs’.
Vol. 26, pp.275-305. TCU Working Paper, Available at SSRN: https://ssrn.com/abstract=369941

31. Tsolas, Ioannis E. (2021). “Efficiency and Determinants of Capital Structure in the Greek Pharmaceutical,
Cosmetic and Detergent Industries” Journal of Risk and Financial Management, Vol. 14, No. 12, pp.579.

32. Wernerfelt, Birger. (1997). ‘On the Nature and Scope of the Firm: An Adjustment-Cost Theory’, The Journal
of Business. Vol. 70, pp. 489-514.

33. Zanjirdar, Majid & Madahi, Zahra & Kasbi, Parvaneh. (2014) ‘Comparative analysis of sticky SGA costs
and cost of goods sold: Evidence from Tehran Stock Exchange’, Management Science Letters. Vol. 4, pp. 521-
526.

34. Zhang, Y.(2013). ‘Limitations of Financial Statements and Disclosure of Core Information’, Journal of Applied
Sciences, Vol. 13, pp. 2505-2511.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.



