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Abstract

Digitalization progresses and the requirements on job profiles face constant ambiguities. Not
only the unequivocal conceptual distinction of digitalization itself triggers discussion potentials,
but also its impact on single occupations within labor markets which still enjoys the attention
of most current publications. The pervasive impact of digitalization and enforced utilization of
digital technologies to perform single tasks, instead of whole occupational profiles, however,
still requires in-depth analysis to transfer the concept to a firm’s performance measurement.
The task approach indicating routine-biased technical change reveals correlations between
digital technologies being a perfect substitute for low-skilled human labor in performing routine
tasks and a complement for high-skilled labor in performing non-routine tasks. This interplay
is summarized as high-skill and low-skill automation scenarios, which especially highlight the
latest achievements in artificial intelligence, that not even non-routine manual tasks are shielded
by digital technologies. To transfer this concept to firms a research proposal is provided to
facilitate a firm’s performance measurement analysis and reduce the input of human labor while
substituting individual tasks with digital technologies. Furthermore, as highly skilled human
labor is complemented by digital technologies accompanied by the creation of new, even more
output conveying tasks, overall efficiency increases. The paper proposes a research framework
to operationalize these performance-driving aspects and emphasizes the identification and
determination of efficiency potentials.
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1. Introduction

Today, current publications still emphasize the difficulty to determine the impact of
automation on the labor market and productivity measures (Acemoglu & Restrepo, 2019a).
With a special focus on business efficiencies, the input factor in productivity measures is
occurring at an unprecedented scale (Campbell et al., 2020). Even if digitalization influences
almost every part of business, society (Legner et al., 2017), and the ways of working
(Loebbecke & Picot, 2015; Parviainen et al., 2017) for years, there is no consensus in the
literature. The therewith correlating firm capabilities and strategies of how to use technologies
or the change of behavior are neither new to the economy nor society (Ritter & Pedersen, 2020).
Focusing on the impact on business, also companies experience change propelled by the digital
era incapable of escaping the effects (Hess et al., 2016; Matt et al., 2015). These effects also
strongly affect the human labor force which was initially explained by the task routinization
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hypothesis indicating a perfect substitution of routine tasks by digital technologies (Autor et al.,
2003). The so-called task approach is interpreted as a more “nuanced way” (Autor et al., 2006,
p. 190; Goos & Manning, 2007, p.118) of the skill-biased technical change hypothesis (SBTC)
(see for example Berman et al., 1998; Machin & van Reenen, 1998) which argues a demand
shift towards high-skilled labor relative to low-skilled labor, intensively presented by literature
in the 1990s. While the SBTC hypothesis explains the labor demand development, the routine-
biased-technical change hypothesis (RBTC) provides a proposal for the root cause, namely the
competitive advantage of high-skilled labor over low-skilled labor. With the differentiation
between routine and non-routine tasks, a broad set of literature was motivated to examine the
labor market effects of job polarization stressing the RBTC hypothesis as the driving factor
(Acemoglu & Autor, 2011; Autor et al., 2003; Autor et al., 2006; Autor et al., 2008; Autor &
Dorn, 2013; Autor & Handel, 2013; Beaudry et al., 2016; Fernandez-Macias & Hurley, 2017;
Goos et al., 2009, 2014; Goos & Manning, 2007; Michaels et al., 2014; Spitz-Oener, 2006).
The polarization effect on the labor market indicates an increase of high-skill and low-skill
labor along the wage scale while middle-skill occupations decrease. The applied task indices to
determine these effects vary within literature and are solely applied to examine labor market
developments. The task compositions majorly consist of either five or three task indices
choosing between non-routine analytic, non-routine interactive, abstract and cognitive for high-
skilled labor. Middle-skilled labor is represented by the task indices manual cognitive, manual,
and routine, while low-skilled labor is intensively performing non-routine manual, manual and
social tasks. Initially, the task indices for high- and low-skilled labor, especially in the service
sector (Autor & Dorn, 2013), are considered as hard to automate. With improving technology
such as artificial intelligence, robots, and machine learning, this concept is expired, as capital
IS become increasingly capable to take over tasks initially performed by human labor.
Therefore, advanced research operationalizes the task indices differently. They differentiate
between the content of work (physical, intellectual and social tasks) as well as methods
(autonomy, teamwork, and routine) and tools (non-digital machinery and digital-enabled
machinery) of work (Fernandez-Macias & Bisello, 2020). Ultimately, there is a variety of
possibilities to orchestrate the performed tasks operationalized as indices that are not
standardized. While RBTC literature utilizes for example social tasks for low-skilled labor,
especially in service-orientated occupations, there is also evidence about increasing social tasks
for high-paid occupations (Deming, 2017). However, literature currently fails to provide a
detailed approach applicable for firms instead of the labor market. They are busy with analyzing
the impact of technological change on the labor demand applying task indices (Bisello et al.,
2019)

To detail the task approach, this paper proposes a research agenda to transfer task-based
analysis to the performance measures of firms to identify efficiency potentials through the task
execution of human labor and digital technologies. The remainder of the paper is structured as
follows: First, a profound literature review explains the initial task approach and related
research. Second, summarizing the task-approach criticism reveals the superficiality of the
applied tasks databases (Autor, 2013). Third, the emphasis on productivity and efficiency
measures as relevant metrics while stressing the measurement obstacles, yields the possibility
to amalgamate a more detailed task approach within firms. Fourth, a research agenda is
suggested proving the inapplicability of detailed task analysis by applying current approaches.
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2. Method
The following main chapter represents the second section of the paper’s body, the literature

review according to the current scientific status quo. Therefore, the study doesn’t contain
empirical data (Doring & Bortz, 2016) but combines the task approach literature, presents its
criticism, and proposes a potential framework transfer to a firm’s performance management

with efficiency as a key metric and time as a coefficient to determine efficiency.

2.1 The Task Approach and Related Research
The seminal work of the task approach from 2003 (Autor et al., 2003) argues a price decline

through continuous technology advancement leading to strong investments from routine task
intense environments. Non-routine tasks on the contrary mainly performed by high-skilled

labor are shielded from emerging technologies explained by their competitive advantage over
low-skilled labor. Computer capital represents a perfect substitute for routine tasks and non-
routine tasks are complemented by digital technologies. Non-routine manual tasks such as
janitorial services and truck driving build an exception of not being affected by technologies at
all. The conceptions are distinguished as follows (Autor et al., 2003, p.1280):

Routine tasks: “computer capital substitutes for workers in carrying out a limited and well-
defined set of cognitive and manual activities, those that can be accomplished by following

explicit rules.”
Non-routine tasks: “computer capital complements workers in carrying out problem-solving

and complex communication activities.”

Figure 1: Task Interplay of Routine and Non-Routine Tasks
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Based on the task differentiation of routine (Lg) versus non-routine (L) the authors propose
a Cobb-Douglas production function for producing output (Q) with input provided by either
human labor (L), capital (C), or both (Autor et al., 2003, p.1280):

Q= (Lg+ ) FLE 1)

Following this approach advanced research (Frey & Osborne, 2017) argues the absence of a
scientific framework trying to quantify the susceptibility of jobs driven by computerization.
They propose a model indicating the automation risk of occupations. With a result of 47% of
US employees being at high risk for full job automation within the next one to two decades,
there are also jobs with low automation risks due to so-called engineering bottlenecks, argued
as impossible to be overcome with current technologies: i) perception and manipulation, ii)
creative intelligence tasks and iii) social intelligence tasks. Motivated by this research a large
set of literature transferred the study to Finland (Pajarinen & Rouvinen, 2014), Europe (Bowles,
2014) USA and Germany (Brzeski & Burk, 2015), USA, Germany, and OECD countries (Arntz
etal., 2016, 2017; Bonin et al., 2015). However, there is also large criticism presented limiting
the framework. First, the approach assesses only the current employment neglecting the creation
of potential new tasks over time. Second, societal and political forces can slow down the pace
of technological adoption such as legal and ethical obstacles. Third, the three engineering
bottlenecks could be partially solved by machines through disassembling single tasks but are
simultaneously conjectured as non-automatable. Fourth, the study is based on occupational
level instead of assessing single tasks. Consequently, if an occupation is rated as automatable,
it disobeys tasks within that occupation that are difficult or impossible to automate. But, the
unbundling of tasks of certain occupations can also lead to a significant drop in quality and has
to be evaluated carefully (Autor, 2015).

Further research introduced the idea of an occupation’s substitutional potential. Labeling
tasks either as routine or non-routine and dividing the portion of routine tasks through the total
tasks performed results in a substitution ratio (Dengler & Matthes, 2018). This framework is
the first concept that evaluates the automation potential on task-level and evaluates the
automation potential today without predicting possible future employment scenarios. As stated
by the authors themselves they miss weighting the individual duration of the tasks executed and
only differentiate between routine and non-routine tasks which is acceptable for job-level
evaluations. However, it indicates coincident vagueness for a concept transfer to performance
measurement.

With emerging new technologies such as artificial intelligence the traditional view of RBTC
is scrutinized as expired and “simply extrapolating past trends will be misleading, and a new
framework is needed” (Brynjolfsson & Mitchell, 2017, p.1533). The initial task approach with
non-routine manual tasks of mainly low-skilled labor not being impacted by digital
technologies is obsolete. A pertinent argument to support the creation of a new framework
(Acemoglu & Restrepo, 2018a) still argues the competitive advantage of high skilled labor in
the execution of complex tasks (human judgment, analytics, soft skills, problem-solving, etc.)
which can’t be fully automated, only complemented. Low-skilled labor initially performing
non-routine manual tasks are not shielded from technological progress anymore and are
substitutable by computer capital. The technological change relevant for firms is summarized
in capital substitution for low-skilled human labor and the creation of new, more productive
tasks performed by high-skilled labor, replacing old tasks (Acemoglu & Restrepo, 2018b,
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2019b). Even if technology advances on an ongoing basis, certain capabilities seem hard to
become fully automated. Human judgments can be wrong and replaced by algorithms without
biases and computers get close to what is defined as creativity. However, literature has no
consensus of the real effect of technology on tasks performed by either human labor or capital.

The following section summarizes the major aspects of criticism and shows that the proposed
frameworks and approaches are lacking appropriateness for performance measurement models.

2.2 Criticism on the Applied Data of the Task Approach

The answer to the question, “why analyze jobs rather than individuals” (Ferndndez-Macias,
2012, p.162) supports on the one hand a concept transfer to a firm’s performance management
but also demands an analysis of the current model limitations. Especially research examining
job polarization, there is a large set of criticism restricting the applied frameworks focusing on
the databases used.

Table 1: Criticism on the Task-Approach

Advantages & limitations of applied databases Authors
U. S. Department of Labor’s Dictionary of Occupational Titles (job analysts)

Advantages: Analysis of task input changes within industries, education groups, and
occupations over time. Autor et al.

Limitations: Limited sampling of occupations, vague definition of measures, missing job (2003)

skills, no natural or cardinal scale.

A variety of potential task scales (44 scales) leads to unclear task construct representation ~ Acemoglu and
(if any fits at all). Autor (2011)

German Federal Institute for Vocational Training & Research Institute of the Federal Employment
Service (job incumbents)

Advantages: No underestimation of true changes in job content, survey participants

indicate performed tasks themselves, data are consistent over time. .
Spitz-Oener

Limitations: Possible impairing of data from well-educated survey participants (2006)
systematically biasing toward analytical and interactive activities due to only designating
activities rather than assigning a score.

European Working Conditions Survey by Eurofound (job incumbents)

Advantages: Permits intra-occupational variability analysis in task content, survey about Fernandez-
the type of work and characteristics of the jobs of the respondents. Macias and

Limitations: Not as detailed and close to the concept of tasks as ONET. Hurley (2017)

Occupational Information Network from the U.S. Department of Labor (job analysts, job
incumbents)

Advantages: No time variation, respondents allocate ranges from 1 (not important at all) Goos et al.
to 5 (extremely important) about the task importance for the job. (2008)

Subjectively preferable as the successor of DOT.

o . . A 1
Limitations: A variety of potential task scales leads to unclear task construct cemoglu and

representation (if any fits at all) = 400 scales which are deemed as loosely defined and Autor (2011)
weakly differentiated scales
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Source: Own Illustration

The challenge to apply detailed measures of task automation probabilities is further
illuminated by literature (Autor, 2013) by presenting three proposals to overcome the
measurement obstacles. First, the proposal emphasizes the assessment of single tasks instead of
occupations as the latter can only be conceptualized as a package of tasks. National statistical
agencies contain a variety of occupational classification schemes, which are too imprecise for
task measures. Therefore, aggregating only a few vast categories can detail analysis purposes
but is also limited in obfuscating tasks similarities of different occupations for equal tasks.
Second, the proposal refers to the subjectivity in the task categorization process and aims for
increased objectivity. The possibility to add professional job analysts for measure developments
can ensure standardized data validations but still has shortcomings in existing data collections
(it misses tasks heterogeneity among individuals within a job and skills as well as actual job
tasks vary within occupations and among workers). Task measures at occupational levels are
static and if the task assignment would change over time, the results are diluted, and the
databases need to be refreshed on an ongoing basis. Third, the proposal emphasizes the lack of
research specification and recency of data while the data can be collected from new survey
respondents directly for which literature already proposes an operationalization (Matthes et al.,
2014). Additionally, specific task definitions allow testing individual hypotheses, the
assumption of static task measures is void, and there are no variability restrictions within and
across occupations. It is highlighted as a promising way to directly ask for tasks performed
regularly.

Furthermore, the differentiation between high-skill and low-skill labor in job polarization
literature is conducted by analyzing skills along a wage distribution without considering the
educational level or the work experience within a certain field in detail. Therefore, it does not
shed light on whether an individual worker is supposed to be considered as high-skill or low-
skill. Wages probably correlate with certain skills, but wages alone miss capturing occupational
details (Frank et al., 2019). The only approach using differentiated skill-related variables is the
substitutional potential, distinguishing between i) highly complex occupations (completed
university degree of at least four years), ii) complex specialist occupations (master craftsman,
technician or equivalent technician school, college graduation, graduation from a professional
academy or bachelor’s degree), iii) Specialist occupations (at least two years of vocational
training) and iv) unskilled or semi-skilled occupations (no vocational qualification) (Dengler &
Matthes, 2018).

This summary of measurement obstacles reveals a dilution of current task analysis on
occupational-level and emphasizes the necessity to create an adjusted framework. To enlighten
the framework conditions of performance measurement, the following chapter presents
productivity and efficiency measurements which ultimately leads to a research proposal
combining both parameters, the task approach, and performance measurement.

2.3 A Firm’s Performance Measurement

Performance measurement exceeds the sole quantification of financial figures but also
includes for example the customer perspective or internal performance indicators as
productivity and efficiency (Johnson & Kaplan, 1987; see for example Neely et al., 1995). The
measurement of a firm’s productivity is no current topic of literature and is simply a ratio
between output divided by input at a certain point in time (Gutenberg, 1958). This productivity
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calculation is also proposed by a large set of literature (see for example Fisher, 1990; Sumanth,
1998) while further authors use “value-added” in the numerator (Schroder & Nebl, 2009,
p.118), “expected resources used” in the denominator (Sink & Tuttle, 1989, p.171), or describe
productivity as “a measure of production efficiency” (Bitran & Chang, 1984, p.29).
Furthermore, the delimitation of production and productivity is crucial, as the former is
concerned with producing goods and services and the latter with the production effectiveness
and efficiency of these goods and services (Sumanth, 1998). Measurement difficulties of
productivity mainly relate to the unambiguous definition of both, the input and output factors
including their quantification (Fisher, 1990). While the calculation of total productivity includes
all input factors to achieve certain output, it is argued as effectively impossible to measure. To
overcome this issue there is the possibility to solely emphasize either single input (partial) or
multiple inputs (total factor) (Fisher, 1990; Sumanth, 1998; Sumanth & Yavuz, 1983). The
improvement of productivity as such can have the form of five different relationships: i) output
increases faster than the input (managed growth), ii) more output from the same input (working
smarter), iii) more output with a reduction of input (the ideal), iv) same output with fewer inputs
(greater efficiency) and v) output decreases, but input decreases more (managed decline), which
can also be presented vice versa (Misterek et al., 1992). For the paper, the focus lies on
combining the input of human labor and capital to one factor and reducing the input while
output stays the same.

With increasing automation technologies and motivated by the statement “you can see the
computer age everywhere but in the productivity statistics” (Solow, 1987), a large set of
literature discussed the absence of productivity growth after intense information technology
adoption (see for example Brynjolfsson, 1993; Brynjolfsson & Hitt, 1995). The highlighted
primary reasons are measurement errors for input and output, time lags due to learnings
adoption, the redistribution of profits, and the mismanagement of technology.

“There is surely nothing quite so useless as doing with great efficiency what should not be
done at all.” (Drucker, 1963, p.54).

With the emphasis on greater efficiency, this paper uses greater efficiency as the leading
calculation approach. Efficiency is delimited from effectiveness by “Are we doing the things
right?*“ as a description for the former and “Are we doing the right things?* for the latter
(Drucker, 1963, p.54). Effectiveness targets the usefulness, as well as successfulness of
activities and efficiency, describes an input-output relation. “Effectiveness refers to the extent
to which customer requirements are met, while efficiency is a measure of how economically
the firm’s resources are utilized when providing a given level of customer satisfaction” (Neely
et al., 1995, p.80). To achieve greater efficiency at a given level of output, the input resources
need to be reduced, which can be money, skills, and also time (Clark, 2000).

3. Results

Having compiled the task approach as well as the calculation of efficiency, the following
chapter stresses a research proposal as the papers’ result to calculate the total factor input of
human labor and digital technologies as detailed as possible. To quantify the targeted
parameters the model for efficiency (E) calculations potentials based on output (O) divided by
input (1) for human labor (L) and digital technologies (digtech) at time t.
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Et _ Z?(OL"'Odigtech) (2)

N Z?(IL"'Idigtech)

To identify an increase in efficiency (EI) and therewith also the possibility to identify
efficiency potentials

El = E¢yq — E; 3)

with the condition, that input decreases by at least stable output and assuming constant
quality (q)

I <Ii, 0pit = Opyc and g+ = ¢ 4)

as a prerequisite as otherwise efficiency increase EI #> 0 indicating missing identification
of efficiency potentials. To determine the selected performance measure, the research proposal
emphasizes the assessment of the input, differentiated between human labor and digital
technologies. As a result of the literature review, four relevant variables are not covered in detail
to identify efficiency potentials based on reduced input:

1) detailed task dataset for individual workplace examinations
2) Specific task indices creation within the targeted occupational field

3) Skill-variable assessment for human labor skills to perform the tasks as efficient as
possible
4) Weighting the tasks performed with the coefficient of time

First, qualitative research within the targeted professional field can help to create a detailed
dataset of tasks based on current workplace practices. Second, the currently used task indices
of routine and non-routine are very generic neglecting specifications in certain professional
fields and new emerging technologies. Advancing the qualitative evaluation new and even more
detailed indices could be created with individual operationalizations of tasks. Third, there is a
necessity to link the tasks performed with the skills of human labor to ensure maximized
efficiency. The differentiation of the terminologies tasks and skills can be conceptualized as “a
unit of work activity that produces output (goods and services)” (Acemoglu & Autor, 2011,
p.1045) for tasks and as “a worker’s endowment of capabilities for performing various tasks”
(Acemoglu & Autor, 2011, p.1045) for skills. Fourth and ultimately, applying the duration of
performing tasks reveals the efficiency potential in time which could be saved, leading to
detailed performance measurement.

The definition of a research proposal, therefore, contains the individual qualitative collection
of data on the firm-level followed by a conceptualization of task indices. In a second step, the
collected data are supposed to represent a set of work activities out of which research
participants can choose when applying the proposed model in further quantitative analysis. The
combination of both, qualitative and quantitative analysis enables researchers and consequently
also firms to identify efficiency potentials of their workplace tasks.

4, Conclusion

Digital technologies are not limited anymore to simply perform codifiable routine tasks.
Artificial intelligence already enables pattern recognition, judgment without biases, and
creativity, but still lacks in social characteristic interpretation such as empathy and leadership.
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Therefore, tasks covering social as well as interactive components are difficult to replace. The
paper reflects the current state of research based on task content analysis. By showing that
literature mainly covers labor market concerns, the existing frameworks fail to analyze
individual tasks for performance measurement in firms. The fact, that the skill assessment of
human labor in current approaches is solely determined by the wage scale, disobeys
professional experience and the education level. The presented model incorporates the
presented obstacles to provide a possibility of adequate performance management. Limitations
of the model are mainly concerned with the determination of the task indexes. The large set of
literature engaged in this scientific field is neither stringent in utilizing the same indexes nor in
revealing the automation probability. Therefore, the model is limited to the identification of
efficiency potentials to evaluate in a second step the technologies which might replace human
labor input to achieve greater efficiency by the coefficient of time. However, the rapid change
of digital technologies these days makes a task replacement with high probability almost
impossible.
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