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Abstract:  Artificial Intelligence poses a consortium of multiple digital technologies 
able to perform tasks which were thought about that they can only be done by humans. 
To do so, it applies complex learning and decision-making processes based on analysis 
of structured and unstructured data. Currently, AI is assumed to have massive benefits 
in the areas of efficiency and performance of companies, although the impact on finan-
cial key performance indicators (KPI) is still unexplored. The underlying thesis of this 
research is that the financial impact of AI can already be seen in practice. The research 
question is whether there is an impact of company-driven AI efforts on financial KPI, 
like the return on assets (ROA) and the market capitalization.

To obtain the intended results, a theoretical and empirical analysis was chosen as 
particular approach. Firstly, the existing scientific research is examined regarding al-
ready measurable financial impacts of digital technologies. In a second step, a regres-
sion model for panel data will be applied on a dataset containing financial data of the 
forty biggest German companies and their respective AI effort per year as a binary va-
riable over a time period of seven years.
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As a result, a financial influence of AI cannot be verified yet on a statistically 
significant level. Despite of this, an increasing number of AI efforts over the last 
years can be confirmed.

 Introduction Introduction

Recently, interest in Artificial Intelligence (AI) technologies has grown tremen-
dously. One can observe this by discovering a steady occurrence in mainstream 
media and news and by recognizing a rising number of scientific publications 
concerning AI. While such technologies already accompany private persons 
through their daily lives in the form of voice assistants and intelligent smart 
home technologies, also companies are increasingly leveraging the enormous 
potential of such technologies (Collins, Dennehy, Conboy & Mikalef, 2021).

Although there is currently a lack of a general definition of AI as this re-
search terminus is under constant development, there are multiple criteria de-
termining the core elements of it (Wang, 2019).

In general, AI uses complex algorithms that are enabled by machine learning 
processes to perform tasks traditionally performed by humans. Artificial ma-
chines are considered intelligent if these tasks require some form of former hu-
man intelligence. This implies the ability to make independent decisions in non-
trivial situations with complex interrelationships (Akter, 2022). Therefore, the 
independence and autonomy of decision making from predefined parameters 
pose the biggest difference to other, non-intelligent digital technologies.

Furthermore, Berente, Gu, Recker and Santhanam define AI as not only 
a single or a compound of various technologies, but as a generalistic designa-
tion for all computational advancements which push the frontier of enabling 
machines to solve even more complex problems and to handle even more diffi-
cult issues (2021). This evolutionary process transforms the whole field of in-
formation technology and is assumed to bring massive performance and effi-
ciency gains for AI utilizing companies (Berente et al., 2021).

Due to the multiple applications of AI, these intelligent systems are consid-
ered as a disruptive innovation that has the potential to gain a competitive ad-
vantage and to transform value creation in a sustainable way (Reim, Åström & 
Eriksson, 2020).
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Problem formulation and research methodologyProblem formulation and research methodology

Despite of all these assumptions and predictions from numerous publishers 
that AI will bring efficiency gains and monetary benefits, there is a lack of sci-
entific verification of this forecast. The reason for this is that there is currently 
no scientific study that quantitatively examines the financial impact of AI on 
key metrics of companies. Consequently, it is not known whether AI activities 
have a positive or negative impact and whether the investment in such technol-
ogies pays off. It is also not known whether AI efforts have any quantitatively 
measurable consequence on success metrics at all. Thus, there is a research gap 
in this scientific area.

Therefore, the underlying working hypothesis can be formulated: If a com-
pany takes actions in the area of AI, this will have a measurable influence on its 
key financial metrics.

This leads to the following research question: Do AI efforts have an impact on 
key financial metrics of companies?

In order to answer this question a particular approach was chosen:
Firstly, existing studies on the subject will be reviewed. This includes scien-

tific papers on the impact of digital technologies as well as publications specifi-
cally focusing AI.

Secondly, a sample of companies will be analysed regarding their AI in the 
last years. Specifically, their annual reports between the years 2016 and 2022 
will be examined for any hint that indicates an investment or measure in the 
context of AI. The data obtained in this way will then be compared with two 
major financial KPI of the companies within a regression analysis for longitudi-
nal data, whereby the working hypothesis can be tested for verification. By do-
ing so, two separate models were applied.

Empirical literature findingsEmpirical literature findings

One of the first findings regarding the impact of new IT technologies is the pro-
ductivity paradox.

This states that the introduction of an IT technology initially leads to a re-
duction in productivity within the first few years, due to considerable imple-
mentation costs (Brynjolfsson & Hitt, 1996). In the case of new, digital technol-
ogies such as AI, this development is currently continuing on a macroeconomic 
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level. For example, the productivity gains of the largest OECD member coun-
tries have been decreasing continuously for twenty years, which contradicts 
the anticipated efficiency gains from increasing digitization. The term used 
to describe this phenomenon is technological optimism (Brynjolfsson, Rock 
& Syverson, 2017).

In contrast, it has already been proven that the use of IT is positively re-
flected in corporate value, as measured by Tobin’s Q. Thus, an investment in 
IT signals future potential to the market, which leads to a higher valuation 
(Bharadwaj, Bharadwaj & Konsynski, 1999). Due to this, performance and mar-
ket capitalization must be analyzed separately.

This is also in line with a study by Chen and Srinivasan, which addresses the 
introduction of digital technologies in companies (2019). According to them, 
digitalization has a negative impact on the ROA. Despite this, these companies 
have a much higher market-to-book value (Chen & Srinivasan, 2019).

Another case study focusing on the impact of AI on business processes veri-
fies that the use of AI in the redesign of an existing process can lead to an in-
crease in performance. This is mainly due to automation. Further advantages 
on the process level are an increase in efficiency and higher information reli-
ability (Wamba-Taguimdje, Wamba, Kamdjoug & Wanko, 2020).

A further study relates to the increased analysis capability of high data vol-
umes in the Big Data environment through AI. Accordingly, an investment in 
technologies that are capable for automated processing of information may 
lead to a significant contribution to sustainably increasing corporate perfor-
mance. Decisive factors here are the high initial costs of introducing such com-
plex systems as AI and the human capital within the company (Tambe, 2014).

Furthermore, it has also already been proved that the technological and hu-
man Big Data capabilities of the company are positively related to the competi-
tive advantage and financial performance of the company. Thus, according to 
Anwar, Khan and Shah, both qualitative variables correlate positively with this 
financial metric (2018).

In summary, the results clearly show that the effects of AI are viewed am-
bivalently. While some see a productivity gain, others predict productivity 
losses. The same applies to the impact on corporate performance and enter-
prise value. The literature analysis therefore indicates an impact, while not giv-
ing a clear view whether this impact is positive or negative.
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Primary research findingsPrimary research findings

To obtain a reliable verification of the working hypothesis, a primary data anal-
ysis was conducted. To do so, a medium-term period of seven years was cho-
sen, as this is when the strongest effects of AI are expected (Ammanath, Hup-
fer & Jarvis, 2020). For measuring the impact on key financial metrics, company 
performance and company value were identified as significant KPI. 

The data basis contained the 40 largest German companies from 2016-
2022. This guaranteed high diversity of different industrial sectors. The annu-
al reports of the companies posed the source for the required information, as 
they contain all relevant financial figures and describe details of AI efforts that 
were planned or implemented in the respective fiscal year. These documents 
therefore contain all the necessary information needed for this investigation. 
Two companies were excluded due to a lack of data. The sample thus consists of 
38 companies and 266 data sets.

AI effort was measured as a binary variable with the values 0 and 1 (0=no 
AI effort in this year; 1=AI effort in this year). The value was assigned accord-
ing to whether there was a reference to possible AI activities in the report of 
the respective fiscal year. This was manually implemented by means of a lin-
guistic analysis concerning the terms “AI” and “Artificial Intelligence” for each 
data set.

The dependent variables used were ROA to measure company performance 
and Tobin’s Q to measure company value. ROA is most suitable for measuring 
performance because it not only looks at a company’s profit, but also relates it 
to total assets, which allows different companies to be compared (Karahan-
na & Preston, 2013). Tobin’s Q has been used to measure the value of a compa-
ny because this ratio considers the perspective of the market in addition to the 
pure book value of the company (O’Reilly, Caldwell, Chatman & Doerr, 2014). In 
addition, the calculation components of the two dependent variables were add-
ed as control variables.

In a first step, the correlations between the variables were examined. The 
following scale was chosen as the significance level (p):
 ■ p<0.01  highly significant
 ■ p<0.05  significant
 ■ p<0.1  lowly significant
 ■ p>0.1  not significant
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Table 1 presents the results in a correlation matrix based on the Pearson-
Correlation coefficient.

Table 1. Correlation matrix

 

FY ROA Tobins Q AI effort Net income Total assets Total equity
Market 
capitalization

FY 1 0.05 -0.04 0.28*** 0.11* 0.03 0.12* 0.05
ROA 0.05 1 0.05 0.03 0.29*** -0.11* 0.01 0.09
Tobins Q -0.04 0.05 1 -0.14** -0.28*** -0.3*** -0.44*** -0.12**
AI effort 0.28*** 0.03 -0.14** 1 0.23*** 0.23*** 0.38*** 0.39***
Net income 0.11* 0.29*** -0.28*** 0.23*** 1 0.27*** 0.72*** 0.54***
Total assets 0.03 -0.11* -0.3*** 0.23*** 0.27*** 1 0.62*** 0.24***
Total equity 0.12* 0.01 -0.44*** 0.38*** 0.72*** 0.62*** 1 0.57***
Market 
capitalization 0.05 0.09 -0.12** 0.39*** 0.54*** 0.24*** 0.57*** 1
*p<0.1; **p<0.05; ***p<0.01

S o u r c e : own study.

As we can see, fiscal year (FY) is strongly positively correlated with AI effort 
(p<0.0.1), indicating that companies have increasingly undertaken AI activi-
ties in recent years. The correlation value is also relatively high at 0.28 in com-
parison to the other variables. Also, the number of companies undertaking AI 
efforts has increased rapidly over time within the sample. While in 2016 only 
21% had AI on their agenda, the following year it was already 39%. In 2018, this 
proportion rose to 55%, where it stagnated in 2019 and rose again rapidly to 
71% in 2020. After that, it reached its peak at 82% in 2021 and got back to the 
proportion two years ago with 68% in 2022.

Looking at the performance, no significant correlation with AI was found. 
The correlation strength is also very low with a value of 0.03. This situation is 
completely different for the company value indicator Tobin's Q. The correlation 
with AI effort is only slightly negative at -0.14, but significant. Among the vari-
ables to be investigated, Tobin's Q is the only KPI that can be verified as having 
a significant influence.

An examination of the control variables reveals highly significant correla-
tions, which can be interpreted as extremely positive for the meaningfulness 
and quality of the statistics.

For further investigation of the sample, a regression analysis was per-
formed following the identification of the individual regressions. This included 
two models:
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 ■ Model 1: Influence AI effort on performance KPI ROA
 ■ Model 2: Influence AI effort on value KPI Tobin's Q

Table 2. Regression models

 

heteroscedasticity-consistent estimator was applied that transformed the standard errors to 

robust standard errors. 

For this purpose, the sandwich package for R by Zeileis was applied, which was 

developed specifically for such statistical problems (Zeileis, 2004). Finally, the Durbin-

Watson test was used for checking for autocorrelation (Greene, 2002). If there was an issue 

with autocorrelation in the model, an autocorrelation-consistent estimator was added 

(Zeileis, 2004). 

Doing so, two models were generated examining the regressions of the independent 

variable AI effort on the target variables ROA and Tobin's Q. Figure 2 shows the results. 

Table 2. Regression models 

 
Source: own study 

Model 1 Model 2
Dependent 
variable: ROA Tobins Q

AI effort 0.001 0.025
p-value (0.871) (0.797)
Standard 
error (0.006) (0.096)
Net income 0.00001*** 0.00001
p-value (0.000) (0.735)
Standard 
error (0.00000) (0.00002)
Total assets 0.000 0.000
p-value (0.966) (0.503)
Standard 
error (0.00000) (0.00000)
Total equity -0.00000*** -0.00002***
p-value (0.000) (0.001)
Standard 
error (0.00000) (0.00001)
Market 
capitalization 0.00000 0.00001***
p-value (0.615) (0.000)
Standard 
error 0.000 0.000
Constant 0.033*** 1.735***
p-value (0.001) (0.000)
Standard 
error (0.010) (0.189)
Observations 263 263
R2 0.335 0.108
Adjusted R2 0.322 0.091
F Statistic 130.220*** 29.700*** (df = 5)
Note: *p<0.1 **p<0.05 ***p<0.01

S o u r c e : own study.

Since the data are longitudinal with strong interdependencies, heteroscedas-
ticity and autocorrelation had to be tested (Liang & Zeger, 1986). As estima-
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tors, a random effects estimator and a fixed effects estimator were used. Which 
one of the two applied, was identified by using a Hausman test based on a sig-
nificance level of 5% (Greene, 2002). The homoscedasticity required for this 
was checked using a Breusch-Pagan test (Breusch & Pagan, 1979). Additionally, 
since heteroscedasticity was present in both models, a heteroscedasticity-con-
sistent estimator was applied that transformed the standard errors to robust 
standard errors.

For this purpose, the sandwich package for R by Zeileis was applied, which 
was developed specifically for such statistical problems (Zeileis, 2004). Final-
ly, the Durbin-Watson test was used for checking for autocorrelation (Greene, 
2002). If there was an issue with autocorrelation in the model, an autocorrela-
tion-consistent estimator was added (Zeileis, 2004).

Doing so, two models were generated examining the regressions of the in-
dependent variable AI effort on the target variables ROA and Tobin's Q. Figure 2 
shows the results.

The F-statistics of both models are highly significant, which allows a trans-
fer of the findings from the sample to practice. The adjusted R² is 0.322 for Mod-
el 1 and 0.091for Model 2. The adjusted R² is significantly lower than the R² due 
to the relatively small sample size. A random-effects estimator was used for 
both models based on the results of the Hausmann test.

Model 1 shows whether there is a regression between AI effort and ROA. 
This cannot be confirmed applying the predefined significance scale. The p-
value of AI effort in this model is 0.871 and the corrected standard error is 
0.006. The marginal positive effect on company performance of 0.001 is thus 
not significant.

Model 2 shows whether there is a regression between AI effort and Tobin’s 
Q. Again, no significant effect can be found at a significance level of p<0.1. The 
p-value of AI effort here is 0.797 and the corrected standard error is 0.096, 
which poses a slightly higher significance than Model 1, but far from a verified 
result. Within the sample, there is thus a weak, positive influence of AI effort on 
the company value amounting to 0.025.

 Discussion and conclusions Discussion and conclusions

Based on the macroeconomic literature, no influence of AI can be detected. For 
example, productivity growth rates in all economies have been declining signif-
icantly for years, despite an rising trend predicted by technological optimism. 
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An reversal of this due to the increasing spread and potential use of AI is not 
expected in the short term (Brynjolfsson et al., 2017). At the company level, the 
situation is much less distinct. The existing study results are extremely ambiv-
alent with regard to the effect of AI. Some researchers assume a performance 
gain here, which is achieved through cost reductions and efficiency increases 
on process level (Wamba-Taguimdje et al., 2020). The core here is that solely 
acquiring an AI technology is not sufficient to increase business performance. 
Rather, embedding the technology into the company structure and business 
model is essential. Only in this way, the potential of AI can be exploited profita-
bly. This is also significantly determined by the available human capital, which 
has a positive influence on financial performance if appropriate skills regard-
ing digital technologies are within the company (Anwar et al., 2018).

In contrast, other studies indicate a clear negative impact on performance. 
This is mainly due to the high initial costs in the first year, including the in-
itial investment and the training of the employees (Tambe, 2014). This has 
a negative impact on the ROA, especially in the first year of implementation 
(Chen & Srinivasan, 2019). 

The paradox of productivity can be also applied to AI. However, two points 
should be noted: First, this concept was originally developed for the introduc-
tion of nowadays basic IT infrastructure. The principle therefore mainly re-
fers to the initial introduction of an IT system if there was no IT in the compa-
ny before. In the meantime, it can be assumed that every company has at least 
a minimum of IT infrastructure that can be used as a basis for the introduction 
of AI. The starting situation therefore differs from that when this theory first 
emerged (Brynjolfsson & Hitt, 1996). Whether this principle is applicable in an 
unchanged way to emerging AI should thus be questioned. Second, scientific 
studies mostly refer to digital technologies as a whole and do not narrow their 
focus to a single, specific technology like AI. The extent to which this affects the 
outcome with respect to AI remains also unclear.

The primary data analysis conducted as part of this research cannot con-
tribute to clarify this question. The impact of AI effort on the performance KPI 
is not significant. This applies to the correlation as to the regression.

By looking at the value KPI, we can observe much more distinct assump-
tions, even though far less research has been conducted in this area. For in-
stance, according to existing literature, IT efforts have led to a higher valuation 
of enterprise value as measured by Tobin's Q. This is due to the apparent future 
orientation of the company (Bharadwaj et al., 1999). A more recent study anal-
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ogously assumes that this also applies to the increasing application of digital 
technologies, which also includes the usage of AI (Chen & Srinivasan, 2019). The 
market therefore rewards AI activities with a higher valuation.

To verify this, the sample has to be analysed. Limiting to the regression be-
tween AI effort and Tobin's Q, no practical conclusion can be drawn. Within the 
analysis, AI has a very weak positive effect on enterprise value but lacking any 
significance. However, these two variables correlate slightly with each other 
with a negative strength of -0.14, which is in contrast with the results of the lit-
erature analysis. Focusing on the primary findings, AI activities and the com-
pany market value have a negative impact on each other. However, it should be 
noted that this is only true for the bivariate correlation. By including other in-
fluencing variables within the regression, the effect of AI effort cannot be gen-
erally confirmed for practice. Nevertheless, the negative correlation is signifi-
cant, which leads to the fact that the statement of the thematizing literature 
cannot be verified.

For these reasons, the working hypothesis must be rejected. It cannot be 
clearly decided whether AI activities impact key financial metrics like company 
performance or value.

Apart from this, the fiscal year correlates strongly positively with AI effort, 
which means that companies are conducting more and more projects in the 
field of AI. This confirms the increase in interest in the technology and explains 
the current high level of investment and public attention.

It should also be noted that there is currently still little monetary research 
on the effects of AI and that the primary data of this research is limited to Ger-
man companies. Future research should therefore broaden its view to an inter-
national sample and should consider a longer time period. The analysis should 
also be carried out again in the future, as more data will be available with the 
chance of higher validity of the results. A more differentiated research ap-
proach could be realized, if level of AI activity could be quantified instead of us-
ing a binary variable indicating ‘yes’ or ‘no’.

It should also be noted that only big companies were analysed. Future stud-
ies should therefore also focus on small- and medium-sized enterprises to take 
local and national companies into account. In addition to that, a separated anal-
ysis for different industrial sectors would be senseful, as the AI expenditures 
may vary between industries.



 is it worth thE hyPE?…    5757

 References References
Akter, S., Michael, K., Uddin, M.R., McCarthy, G., & Rahman, M. (2022). Transforming 

business using digital innovations: The application of AI, blockchain, cloud and 
data analytics. Annals of Operations Research, 308(1), 7-39. https://doi.org/10.1007/
s10479-020-03620-w.

Ammanath, B., Hupfer, S., & Jarvis, D. (2020). Deloitte’s State of AI in the Enterprise, 3rd 
Edition, https://www2.deloitte.com/cn/en/pages/about-deloitte/articles/state-of-
ai-in-the-enterprise-3rd-edition.html (accessed 30.05.2023).

Anwar, M., Khan, S.Z., & Shah, S.Z.A. (2018). Big Data Capabilities and Firm's Perfor-
mance: A Mediating Role of Competitive Advantage. Journal of Information & Knowl-
edge Management, 17(4), 1-28. https://doi.org/10.1142/S0219649218500454.

Berente, N., Gu, B., Recker, J., & Santhanam, R. (2021). Managing Artificial Intelligence. 
MIS Quarterly, 45(3), 1433-1450.

Bharadwaj, A.S., Bharadwaj, S.G., & Konsynski, B.R. (1999). Information Technology  
Effects on Firm Performance as Measured by Tobin’s q. Management Science, 45(7), 
1008-1024. https://doi.org/10.1287/mnsc.45.7.1008.

Breusch, T.S., & Pagan, A.R. (1979). A Simple Test for Heteroscedasticity and Random Coef-
ficient Variation. Econometrica, 47(5), 1287-1294. https://doi.org/10.2307/1911963.

Brynjolfsson, E., & Hitt, L. (1996). Paradox Lost? Firm-Level Evidence on the Returns to 
Information Systems Spending. Management Science, 42(4), 541-558.

Brynjolfsson, E., Rock, D., & Syverson, C. (2017). Artificial Intelligence and the Modern 
Productivity Paradox: A Clash of Expectations and Statistics. NBER Working Paper 
No. 24001.

Chen, W., & Srinivasan, S. (2019). Going Digital: Implications for Firm Value and Perfor-
mance. Harvard Business School Working Paper 19-117.

Collins, C., Dennehy, D., Conboy, K., & Mikalef, P. (2021). Artificial Intelligence in informa-
tion systems research: A systematic literature review and research agenda. Inter-
national Journal of Information Management, 60, 102383. https://doi.org/10.1016/j.
ijinfomgt.2021.102383.

Greene, W.H. (2002). Econometric Analysis. New Jersey: Prentice Hall International.
Karahanna, E., & Preston, D.S. (2013). The Effect of Social Capital of the Relationship 

Between the CIO and Top Management Team on Firm Performance. Journal of Man-
agement Information Systems, 30(1), 15-56.

Liang, K.-Y., & Zeger, S.L. (1986). Longitudinal Data Analysis Using Generalized Linear 
Models. Biometrika, 73(1), 13-22. https://doi.org/10.2307/2336267.

Tambe, P. (2014). Big Data Investment, Skills, and Firm Value. Management Science, 
60(6), 1452-1469.

O’Reilly, C.A., Caldwell, D.F., Chatman J.A., & Doerr, B. (2014). The Promise and Prob-
lems of Organizational Culture. Group & Organization Management, 39(6), 595-625.  
https://doi.org/10.1177/10596011145507.

Reim, W., Åström, J., & Eriksson, O. (2020). Implementation of Artificial Intelligence (AI): 
A Roadmap for Business Model Innovation. AI, 1, 180-191. https://doi.org/10.3390/
ai1020011.

https://doi.org/10.1007/s10479-020-03620-w
https://doi.org/10.1007/s10479-020-03620-w
https://www2.deloitte.com/cn/en/pages/about-deloitte/articles/state-of-ai-in-the-enterprise-3rd-edition.html
https://www2.deloitte.com/cn/en/pages/about-deloitte/articles/state-of-ai-in-the-enterprise-3rd-edition.html
https://doi.org/10.1142/S0219649218500454
https://doi.org/10.1287/mnsc.45.7.1008
https://doi.org/10.2307/1911963
https://doi.org/10.1016/j.ijinfomgt.2021.102383
https://doi.org/10.1016/j.ijinfomgt.2021.102383
https://doi.org/10.2307/2336267
https://doi.org/10.1177/10596011145507
https://doi.org/10.3390/ai1020011
https://doi.org/10.3390/ai1020011


    Daniel Maier5858

Wamba-Taguimdje, S.L., Wamba, S.F., Kamdjoug, J.R.K., & Wanko, C.E.T. (2020). Influ-
ence of Artificial Intelligence (AI) on firm performance: the business value of AI-
based transformation projects. Business Process Management Journal, 26(7), 1893-
1924.

Wang, P. (2019). On Defining Artificial Intelligence. Journal of Artificial General Intelli-
gence, 10(2), 1-37. https://doi.org/10.2478/jagi-2019-0002.

Zeileis, A. (2004). Econometric Computing with HC and HAC Covariance Matrix Esti-
mators. Journal of Statistical Software, 11(10), 1-21. http://dx.doi.org/10.18637/jss.
v011.i10.

https://doi.org/10.2478/jagi-2019-0002
http://dx.doi.org/10.18637/jss.v011.i10
http://dx.doi.org/10.18637/jss.v011.i10

