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Abstract: � Research purpose. The objective of this research was to calculate the cost of labour productivity loss measured exclusively as the 
decrease in Gross Value Added (GVA) associated with distractions caused by problematic use of social media in the workplace, where 
users continuously check their smartphones for updates. The calculation was conducted using Argentina as a case study, based on 
national statistical data from the year 2023.

�	� Design / Methodology / Approach. The design of this research is quantitative, descriptive, and explanatory, focusing on measuring 
and analysing labour productivity losses caused by the inappropriate use of social media and smartphones in the workplace. A national 
statistical series from the year 2023 was used to observe and estimate productivity losses in the context of Argentina. The applied 
methodology includes the collection of statistical data and the construction of a simple mathematical model to estimate the economic 
losses (measured exclusively as the decrease in Gross Value Added (GVA)) associated with distractions.

	 �Findings. The results of the estimation validate the hypothesis that distractions caused by the use of social media and smartphones 
decrease labour productivity, representing a cost by reducing the gross value added. The productivity losses resulting from this model 
for the year 2023 in Argentina account for 12.73% of the gross value added. It can also be observed that sectors of economic activity 
with high exposure to social media and smartphones experience productivity losses greater than their relative contribution to GDP, while 
sectors with medium and low exposure suffer losses below their relative weight in GDP. These productivity losses are not only significant 
in terms of Argentina’s gross value added, but they are likely to be even greater if the analysis includes the time it takes for an individual 
to refocus after a distraction, a cost not included in the model.

	 �Originality / Value / Practical implications. The article provides an estimate of the losses in Gross Domestic Product (GDP) due 
to workplace distractions caused by the inappropriate use of new information and communication technologies (ICT) in Argentina, 
a developing country. This analysis not only measures the economic impact of this phenomenon but also opens the door to new 
discussions about business models and labour relations, specifically regarding how the losses may be absorbed by both employers 
and employees, who might be trying to counteract the distractions with faster work, but of lower quality and higher stress.
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Introduction
The widespread adoption of social media, the proliferation of platforms, and the significant daily time users 
dedicate to them (Instituto de Ciencias Sociales y Disciplinas Proyectuales, 2023; Ortiz-Ospina, 2019; Statista, 
2025) have raised concerns about their impacts. Extensive research highlights both positive and negative effects, 
with mobile accessibility intensifying their influence (Cao et al., 2024; Beyens et al., 2024; Montag et al., 2015a; 
Montag et al., 2015b; Olorunsogo et al., 2024; Tao et al., 2024). These multifaceted impacts are studied across 
disciplines, including psychology, neuroscience, and economics, each providing distinct perspectives.
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In economics, this analysis aligns with behavioural economics, debating whether excessive social media use 
constitutes rational behaviour (Hoong, 2019; Wang et al., 2015) or problematic use akin to addiction (Andreassen 
& Pallesen, 2014; Sun & Zhang, 2021). In either case, excessive use generates costs ranging from reduced 
concentration in the workplace to dire consequences such as fatal accidents (WHO, 2024). Beyond consumer 
behaviour, attention has been drawn to platform design influences (Bhargava & Velasquez, 2021). 

This study quantifies productivity losses stemming from workplace distractions caused by social media and 
smartphones, using Argentina as a case study and 2023 national statistics. The analysis is based on the following 
premise:
– � Assumption: Workplace productivity is influenced by the degree of exposure to distractions from social media 

and smartphones. This assumption is supported by previous research (Finkelsztein et al., 2025) and serves as 
a foundational premise for the present study, although it is not empirically tested here.

– � Hypothesis (H1): These distractions reduce productivity, incurring costs reflected in diminished gross value 
added.

By adopting this framework, the study focuses on testing H1 while acknowledging the established foundation 
of the assumption.

Given the absence of a unified methodology for assessing such losses, this study proposes a simplified model to 
provide initial estimates. It links workplace distractions to smartphone and social media checks (Finkelsztein et al., 
2025) and uses national data to compute additional work minutes required to offset these interruptions, based on 
frequency and duration.

Economic sectors were classified into high, average, and low exposure levels, determined by checking frequency 
and distraction duration. Labour productivity was assessed by comparing value added per hour worked, with and 
without distractions. Finally, sectors’ relative GDP weights were calculated to evaluate the broader economic impact.

Literature review
Despite numerous studies on societal costs linked to excessive social media use (Wang et al., 2015; Wushe & Shenje, 
2019), the existing literature remains insufficient given the scope of the issue. Contradictory findings often hinder 
clear cause-and-effect relationships, prompting researchers to explore the phenomenon further. Methodological 
limitations persist, including the heterogeneity of measurement instruments, complicating comparisons across 
studies (Finkelsztein et al., 2025). Additionally, the lack of longitudinal and qualitative research limits deeper, 
dynamic analyses (Kuss & Griffiths, 2017; Mohamed et al., 2017).

Some research highlights potential benefits, such as enhanced workplace productivity via improved social capital 
(Chen et al., 2009) and better work-life balance (Kumar & Priyadarshini, 2018). However, Lu et al. (2015) suggest 
that while highly productive employees may gain performance benefits, low-productivity workers may experience 
further declines. Conversely, Wushe and Shenje (2019) argue that the impact of social media depends on the type of 
network used. Studies also reveal dual effects, where social media fosters knowledge creation and communication 
but contributes to distractions and addictive behaviours (Siddiqui & Singh, 2016; Yeshambel et al., 2016).

Employee and employer perceptions diverge regarding productivity impacts. While some studies rely on self-
reported data from employees (Celebi & Terkan, 2020; Dantas et al., 2022), others use supervisor evaluations 
(Lu et al., 2015). Measurement tools vary widely, including WPAI-GH (Reilly et al., 1993), EWPS, WPSI, SMWU, 
and Work Performance (WP) scales (Leftheriotis & Giannakos, 2014), underscoring methodological challenges 
in comparative research. The reasons employees use social media include mental breaks, personal connections, 
professional networking, and work-related problem-solving (Olmstead et al., 2015). While these uses demonstrate 
social media’s benefits, they also highlight its distracting effects.

Brooks et al. (2017) link technostress and addiction to social media, noting reduced workplace commitment and 
productivity. Fox & Moreland (2015) highlight Facebook’s distracting effects. Kuss and Griffiths (2017) compare 
excessive social media use to substance addiction symptoms, such as mood changes, tolerance, withdrawal, and 
relapse, consistent with the Internet Addiction Model. They emphasise phenomena like FOMO (fear of missing out) 
and nomophobia, which reflect users’ apprehension about exclusion and fear of being without their phones.

Montag et al. (2019) note that app design features, including unlimited scrolling, tailored algorithms, reward 
systems, and social comparison, contribute to smartphone addiction. Bhargava & Velasquez (2021) identify barriers 
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preventing users from deactivating accounts. These factors foster habitual smartphone checks every 18 minutes, 
leading to reduced focus and productivity.

In economics, social media distractions are examined through the lens of behavioural economics. Some theories 
view consumers as rational agents evaluating costs and benefits, while others highlight overestimation of social 
media’s value (Wang et al., 2015). Sun & Zhang (2021) stress the need to define social media addiction adequately, 
distinguishing between problematic use and clinical addiction. Andreassen & Pallesen (2014) define addiction as 
excessive preoccupation and disproportionate time spent, disrupting other activities and overall well-being.

Hoong (2019) demonstrates discrepancies between estimated and actual time spent on social media, revealing 
heuristic biases. Social media distractions, causing microeconomic productivity losses, ultimately translate into 
macroeconomic GDP reductions. This study examines micro-level distractions and their macro-level costs.

Furthermore, problematic smartphone use in the workplace must be contextualised within regional and cultural 
dynamics. Digital culture studies in Latin America show that high social media consumption is driven by a deep 
collective desire for belonging and participation. Specifically in Argentina, this trend fosters a high frequency of 
connection and dialogue, emphasising the cultural importance of collectivity and instantaneous social interaction 
as a key driver of device usage. This cultural factor establishes a context where the need to maintain social status 
and constant group contact becomes a primary conductor of workplace distraction, potentially surpassing purely 
individual or organisational factors (Gewerc et al., 2017).

Research methodology
The objective of this research was to calculate the cost of labour productivity loss measured exclusively as the 
decrease in Gross Value Added (GVA) associated with distractions caused by problematic use of social media 
in the workplace. There is currently no unified or widely accepted method for calculating the economic costs of 
problematic social media use. While some studies estimate productivity losses, research specific to Argentina 
often addresses other factors affecting worker productivity, such as climate change (Conte Grand & Soria, 2023) 
or the impact of intangible assets, production factors, and ICTs on economic development (Coremberg, 2009, 
2015). International studies, such as Sarbu (2017), analyse the relationship between social media use and labour 
productivity, employing a Cobb-Douglas production function based on data from Germany’s manufacturing and 
service sectors.

This study aims to address the absence of a standardised approach to measure the costs of this complex, novel 
phenomenon by proposing an estimation model. The goal is to approximate these costs, providing policymakers 
with tools to better understand the issue’s scope. To estimate productivity losses, the model assumes that 
workplace distractions from social media and smartphones do not reduce output or gross value added (GVA) but 
are compensated for by additional working hours. This simplifies the analysis by avoiding calculations of elasticities 
within production functions. However, in practice, labour productivity losses are likely to affect GVA proportionally 
to labour intensity relative to capital—a relationship that varies by activity or sector. This model incorporates sector-
specific impacts by considering the relative weight of each sector in terms of hours worked.

The calculations, conducted for Argentina, utilise national 2023 statistics, the most recent year with complete 
data. Based on the “Income Generation Account” (INDEC, 2024) published by INDEC, the analysis draws from the 
2016–2024 series titled “Gross Value Added and Labour Input by Economic Activity Sector, Q1 2016 to Q2 2024.”

Starting with GVA expressed in millions of pesos and annualised hours worked, productivity losses were 
calculated across sectors. Economic sectors were categorised into three levels of social media exposure—low 
(=1), average (=2), and high (=3)—to account for differences in distraction levels during work hours (See Table 1).

In the proposed model, 16 sectors of the Argentine economy are classified by their exposure to social media 
distractions: 7 sectors (44%) have high exposure, 6 sectors (38%) average exposure, and 3 sectors (18%) low 
exposure. This classification is based on assumptions informed by previous studies, though no prior rankings of 
economic sectors by workplace distractions were identified.

The subdivision of economic sectors into three risk levels (Low, Average, and High) is not based on traditional 
physical accident rates, but rather on the nature of the mental demand and cognitive complexity of the associated 
tasks. This approach is justified on the premise that the studied consequences (loss of concentration and accidents) 
are directly mediated by mental workload and the propensity for interruption. The sectors grouped under the High 
level correspond to those with the highest demand for attention, concentration, and memory (Instituto Nacional de 
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Seguridad y Salud en el Trabajo [INSST], n.d.), as well as high quantitative demands (time pressure) and emotional 
demands (direct interaction with the public) (Fondo de Riesgos Laborales, n.d.). These characteristics are common 
in financial services (J), public administration (L), and community services (O), where an incorrect decision or loss 
of attention generates a non-physical but systemic risk. Conversely, sectors classified as Low (A, B, C) represent 
activities where the critical cognitive load for rapid decision-making may be lower, or the task is more standardised, 
despite their high inherent physical risk.

Office-related sectors (e.g., administrative, financial, technological) are frequently distracted by technology, 
ambient noise, or colleague interactions. Conversely, industrial, or manual sectors (e.g., manufacturing, 
construction, agriculture) face distractions such as machinery interruptions, environmental conditions (e.g., 
noise, fatigue), and frequent task changes. Physical fatigue and hazardous conditions in these sectors also 
affect productivity and safety. Creative or knowledge-driven jobs are particularly vulnerable due to their reliance 
on sustained concentration and emotional or psychological factors. Service roles, especially client-facing ones, 
experience distractions tied to interpersonal interactions or multitasking.

Using Duke & Montag’s (2017) findings that workers check updates every 18 minutes, this model makes the 
following assumptions:

– � Average exposure sectors: Workers are distracted for 2 minutes per smartphone check, occurring every 18 
minutes.

– � High exposure sectors: Checks occur 20% more frequently (every 14.4 minutes), with 3 minutes of distraction 
per check.

– � Low exposure sectors: Checks occur 20% less frequently (every 21.6 minutes), with 1 minute of distraction 
per check.

The parameter for productivity loss utilised within the model is set at a 20% deviation. This value is justified as 
a conservative and representative measure, as it falls within the documented empirical range regarding the cost 
of workplace interruptions. Various studies indicate that each interruption can increase the total time required to 
complete a task by between 15% and 24% (Brand Eins, 2023). By selecting an intermediate value of 20%, the 
model ensures that the effects of distraction are accurately reflected, based on the literature concerning efficiency 
and job performance.

Table 2 provides a schematic representation of these assumptions.

Based on these premises, sector-specific productivity was calculated using hours worked. The calculation was 
performed twice: initially without accounting for distractions caused by smartphone or social media use during work 
hours, and subsequently incorporating the additional minutes required to compensate for such distractions.

Productivity in hours was therefore defined and calculated as follows:

0
0

 bpGVA
Prod

Hs
= � (1)

Table 1.  Classification of economic sectors by level of exposure (Source: Author’s own calculations)

Low (1) Average (2) High (3)

A.  Agriculture, livestock, hunting and forestry D. Manufacturing industry G. Wholesale, retail, and repairs

B.  Fishing E. Electricity, gas, and water H. Hotels and restaurants

C.  Mining and quarrying F. Construction J. Financial intermediation

I. Transport, storage, and communications K. Real estate, business, and rental activities

M. Teaching L. �Public administration and defence, 
mandatory social security plans

N. Social and health services O. �Other community, social, and personal 
service activities

P. Private households with domestic service
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where,
Prod0 is Productivity in hours (it is expressed in thousands of pesos per annualised hour worked since the INDEC 
series records GVAbp in millions of pesos, while Hours worked HS0 are expressed in thousands and annualised); 

GVAbp is Gross Value Added at basic prices in millions of pesos;
HS0 is thousands of annualised hours worked.
The second calculation was made considering the distractions caused by social media and smartphones as 

follows: Every time the worker is distracted (between 1 and 3 minutes, depending on the type of activity), they 
require additional minutes of work to achieve the same productivity. This resulted in the calculation of the number 
of hours worked, including the extra minutes they would need to work to achieve the same added value as if they 
were not distracted. The calculation was performed in the following steps:
1.	 Calculation of hours worked without distractions (expressed in minutes), HS0

2.	 Estimation of new hours worked (HS1) adding,
– � 1 minute every 21.6 minutes for low-distraction activities,
– � 2 minutes every 18 minutes for average-distraction activities, and
– � 3 minutes every 14.4 minutes for high-distraction activities.

1 0( )Hs Hs Hs= + ∆ � (2)

where,
Hs1 are hours worked, adding minutes to compensate for distractions;
∆Hs represents the additional minutes needed to compensate for distractions.

3.	 The productivity calculation with time compensation for distractions (Prod1) accounts for productivity losses due 
to distractions and the additional minutes worked to compensate. It is expressed in thousands of pesos per 
annualised hour worked and is calculated as follows:

1
1

bpGVA
Prod

Hs
=

�
(3)

where,
Prod1 accounts for productivity (thousands of pesos per annualised hour worked), including the additional 

minutes worked to compensate for distractions.

4.	 Calculation of Productivity Loss: Productivity loss is determined as the difference between productivity with 
compensations for distractions and productivity without distractions, expressed as:

1 0.  Prod Prod Prod∆ = − � (4)

where,
∆Prod. represents the Productivity decline.

5.	 Estimated Value of Productivity Loss: The monetary loss in productivity is calculated as:

1  . .*Loss in Prod Prod Hs= ∆ � (5)

where,

Table 2.  Distractions. Frequency and duration according to type of exposure (Source: Author’s own calculations)

Indicator Low Average High

Distraction time 1 minute 2 minutes 3 minutes

Frequency -20% (21.6 minutes) Every 18 minutes per hour +20% (14.4 minutes)
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Loss in Prod. accounts for the Loss in Productivity (millions of pesos).

6.	 The percentage of productivity loss (%) is calculated as follows:

  .% .  *100
bp

Loss in ProdProd Loss
GVA

=
�

(6)

where,
% Prod. Loss accounts for the percentage of productivity loss.

7.	 Finally, the relative weight of each sector in the economy’s GDP was calculated.

( ) ( )  .    /    *100bp bpSector rel weight Sector GVA Total GVA=
�

(7)

where,
Sector rel.weight represents the relative weight of each sector in the economy’s GDP;
Total GVAbp represents the country’s annual GDP.
All calculations were performed using Python.

Research results
The findings from the proposed model underscore the critical need to measure this issue. At the national level, 
productivity losses account for 12.73% of Gross Value Added (GVA). Notably, sectors with high exposure experience 
losses surpassing their relative GDP contributions, while sectors with medium and low exposure show losses below 
their proportional weights in GDP.

The following section provides a detailed analysis, with Table 3 comparing labour productivity in hours without 
distractions to labour productivity adjusted for additional minutes required due to distractions across Argentina’s 
economic sectors.

The model’s assumptions reveal productivity losses across all sectors, requiring additional work minutes to 
offset distractions from social media and smartphones. These losses are most pronounced in highly exposed 
sectors (17%), compared to average-exposure sectors (10%) and low-exposure sectors (4%).

Using this data, productivity losses were quantified at the macroeconomic level, estimating Argentina’s Gross 
Value Added at basic prices (GVAbp). Results indicate that productivity losses represent 12.73% of GVAbp, 
equivalent to 20,503,386 pesos. Table 4 details GVAbp losses by sector and the total at the national level.

These findings are consistent with prior research that employed varied methodologies to estimate workplace 
productivity losses caused by social media distractions. Yemoh and Amitai (2022), for example, found that average 
daily social media use amounts to 2.35 hours - approximately 32% of the workday - resulting in a 13% overall 
productivity loss due to excessive usage.

When analysing sectors’ relative contributions to GDP, it is evident that highly exposed sectors experience 
productivity losses exceeding their proportional GDP contributions. Conversely, average- and low-exposure sectors 
show losses below their GDP weights.

To quantify this, the first step involved calculating the relative weight of each sector within the economy. Next, 
the loss in productivity in millions of pesos, based on each sector’s relative weight in GDP, was determined by 
multiplying the total productivity loss in the economy by the sector’s share of GDP. Finally, the percentage of 
productivity loss, accounting for each sector’s relative weight, was calculated by dividing the sector’s productivity 
loss by the total productivity loss in the economy. Table 5 summarises these results.

Conclusions
The findings of this study highlight the substantial impact of social media and smartphone distractions on workplace 
productivity in Argentina. These results support the study’s foundational assumption that workplace productivity 
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Table 3.  �Comparative table of productivity for each sector of economic activity in thousands of pesos per annualised hour worked (With and 
without considering the additional minutes needed to compensate for distractions.) (Source: Author’s own calculations)

Sector Productivity Excluding Distractions 
(thousands of pesos per annualised  

hour worked)

( ) 0
0

1  bpGVA
Prod

Hs
=

Productivity (thousands of pesos per 
annualised hour worked, adjusted for 

distraction compensation)

( ) 1
1

3  bpGVA
Prod

Hs
=

A Agriculture, livestock, hunting, and forestry 5,12 4,90

B Fishing 6,08 5,81

C Mining and quarrying 28,75 27,48

D Manufacturing industry 6,84 6,16

E Electricity, gas, and water 7,82 7,04

F Construction 2,35 2,11

G Wholesale, retail, and repairs 4,35 3,60

H Hotels and restaurants 3,29 2,72

I Transport, storage and communications 3,53 3,18

J Financial intermediation 6,33 5,24

K Real estate, business, and rental activities 6,99 5,78

L Public administration and defence; mandatory social 
security plans

4,55 3,77

M Teaching 5,03 4,53

N Social and health services 3,98 3,58

O Other community, social and personal service activities 2,31 1,91

P Private households with domestic service 0,68 0,56

Table 4.  �Productivity loss expressed in GVAbp in Argentina caused by distractions from social networks and smartphones (Source: Author’s own 
calculations)

Exposure Sector Gross Value Added at 
basic Price (GVAbp) in 
millions of pesos

Loss in Productivity in millions  
of pesos

(5) Loss in Prod. = ∆Pro * Hs1

Percentage of productivity  
loss (6)

    .
(6) %  .   *100

bp

Loss inProd
Prod Loss

GVA
=

Low A Agriculture, livestock, hunting, 
and forestry

10.916.045 483.011 4,42%

Low B Fishing 433.991 19.203 4,42%

Low C Mining and quarrying 7.559.343 334.484 4,42%

Average D Manufacturing industry 31.232.508 3.123.251 10,00%

Average E Electricity, gas, and water 1.695.695 169.570 10,00%

Average F Construction 7.471.621 747.162 10,00%

High G Wholesale, retail, and repairs 32.257.029 5.561.557 17,24%

High H Hotels and restaurants 3.935.836 678.592 17,24%

Average I Transport, storage and 
communications

8.358.359 835.836 10,00%

High J Financial intermediation 3.078.862 530.838 17,24%

High K Real estate, business, and 
rental activities

17.481.856 3.014.113 17,24%

High L Public administration and 
defence; mandatory social 
security plans

13.350.041 2.301.731 17,24%

Average M Teaching 9.638.951 963.895 10,00%

Average N Social and health services 8.417.847 841.785 10,00%

High O Other community, social and 
personal service activities

4.179.478 720.600 17,24%

High P Private households with 
domestic service

1.030.997 177.758 17,24%

Total 161.038.458 20.503.386 12,73%
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is influenced by the degree of exposure to distractions caused by social media and smartphones, as indicated by 
previous research (Finkelsztein et al., 2025). Furthermore, the findings validate Hypothesis H1, which establishes 
that these distractions reduce labour productivity, generating measurable costs reflected in diminished gross value 
added (GVA). Productivity losses calculated in this study account for 12.73% of GVA, aligning with prior research 
and underscoring the importance of quantifying this phenomenon. Sectors with high exposure to distractions 
experience losses exceeding their relative contribution to GDP, whereas sectors with medium and low exposure 
exhibit proportionally smaller losses, highlighting disparities across economic activities.

While these losses represent significant impacts, they account for only a fraction of the broader implications, 
as the model excludes additional costs such as the time required to refocus after interruptions. Previous studies 
estimate that recovery after distractions takes an average of 23 minutes and 15 seconds (Duke & Montag, 2017; 
Spira & Feintuch, 2005). Including this factor in future analyses could yield higher estimates of productivity losses, 
emphasising the need for further research.

When evaluating the significant Gross Value Added loss estimated in this study, the influence of socio-cultural 
amplifiers must be considered. Argentina’s culture of hyper-connectivity and the high value placed on social 
collectivity, as detailed in the literature, manifest in the labour environment differently than in more individualistic 
cultures. The cultural and social pressure to maintain a permanent presence within friendship and family networks 
(Gewerc et al., 2017) translates into the workplace, significantly amplifying the impulse for habitual checking of the 
smartphone. Therefore, the high estimated economic cost reflects not only a lack of institutional control or individual 
addiction, but also a deep-seated cultural challenge in the demarcation of personal and professional spheres. It is 
essential to note that the resulting economic cost specifically measures the loss caused by these non-work-related 
distractions, maintaining the internal consistency of the productivity loss calculation. This cultural dimension is a 
critical contextual variable that must be considered by policymakers seeking to design mitigation strategies that are 
both effective and socially sensitive.

Table 5.  �Productivity decline considering the relative weight of the sectors (Source: Author’s own calculations)

Sector GVAbp
(millions of 
pesos)

Relative 
Weight (% of 
GDP)

Loss in Productivity in millions 
of pesos

(5) Loss in Prod. = ∆Pro * Hs1

Productivity 
Loss (according 
to relative 

weight in GDP)

Percentage of 
productivity loss
(with relative 
weight)

A Agriculture, livestock, 
hunting, and forestry

10.916.045 6,8% 483.011 1.389.829 2,4%

B Fishing 433.991 0,3% 19.203 55.256 0,1%

C Mining and quarrying 7.559.343 4,7% 334.484 962.454 1,6%

D Manufacturing industry 31.232.508 19,4% 3.123.251 3.976.517 15,2%

E Electricity, gas, and water 1.695.695 1,1% 169.570 215.896 0,8%

F Construction 7.471.621 4,6% 747.162 951.285 3,6%

G Wholesale, retail, and repairs 32.257.029 20,0% 5.561.557 4.106.959 27,1%

H Hotels and restaurants 3.935.836 2,4% 678.592 501.110 3,3%

I Transport, storage and 
communications

8.358.359 5,2% 835.836 1.064.185 4,1%

J Financial intermediation 3.078.862 1,9% 530.838 392.000 2,6%

K Real estate, business, and 
rental activities

17.481.856 10,9% 3.014.113 2.225.787 14,7%

L Public administration and 
defence; mandatory social 
security plans

13.350.041 8,3% 2.301.731 1.699.725 11,2%

M Teaching 9.638.951 6,0% 963.895 1.227.229 4,7%

N Social and health services 8.417.847 5,2% 841.785 1.071.759 4,1%

O Other community, social and 
personal service activities

4.179.478 2,6% 720.600 532.130 3,5%

P Private households with 
domestic service

1.030.997 0,6% 177.758 131.266 0,9%

Total 161.038.458 100% 20.503.386 20.503.386 100,0%
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Although productivity in this study was measured in hours, future research should explore quality losses as an 
additional variable to provide deeper insights. While auditing quality is inherently challenging, its inclusion would 
enhance the robustness of productivity analyses. This study also raises important questions about accountability 
for productivity losses, highlighting the need to reassess workplace models. Employers often encourage the use of 
communication technologies, inadvertently contributing to distractions that reduce labour productivity. Insights from 
principal-agent models (Jensen & Meckling, 1976) demonstrate that productivity losses vary depending on payment 
schemes. In fixed salary systems, employers bear the financial burden of reduced productivity. Conversely, variable 
payment schemes tied to employee performance shift this burden onto workers, who face either lower earnings due 
to diminished results or increased stress and effort as they strive to compensate for distractions by working faster 
(Mark et al., 2008).

Although these results align with prior findings, they should be interpreted within the limitations of this 
model. For example, labour elasticity in the production function was not considered. Incorporating this 
variable could provide more accurate estimates of net GDP losses by examining the balance between labour 
productivity losses and capital productivity gains from new technologies. Additionally, modern distractions, 
such as smartphone use, may not represent entirely new losses but could replace older forms of workplace 
distractions, such as smoking breaks or informal interactions. Investigating this shift is crucial for understanding 
its long-term implications.

By presenting an initial estimate of productivity losses related to social media and smartphone use in Argentina’s 
workplaces, this study emphasises broader implications for business models and labour relations. It highlights the 
need for labour policies that are designed with an awareness of who ultimately bears the costs. Under variable 
payment schemes, employees may face higher stress levels, which could potentially affect the quality of their 
work as they strive to offset distractions. The robust findings of this study open new avenues for research, offering 
policymakers and organisational leaders valuable tools to refine strategies for mitigating workplace distractions and 
enhancing productivity, both in developing and developed economies.

The principal-agent framework reveals that variable payment schemes effectively transfer the cost of digital 
distraction to the employee. This manifests as compensatory effort and heightened stress to maintain performance 
(Mark et al., 2008), ultimately affecting both the quality of the final output and the sustainability of human capital. 
Therefore, this study emphasises that organisational policies must move beyond mere prohibition, focusing instead 
on the equitable management of distraction costs. We suggest that business models actively integrate digital literacy 
and foster responsible autonomy, recognising that employee focus is a shared organisational asset essential for 
long-term productivity
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