
Vol. 1, Issue 1 (2026) 1

Reports in Science and Applied Research

https://sciappreports.science

Laboratory  Automation  Tools  and  Throughput  Gains  in 
Materials Discovery Projects: Survey Experiment
Seung-Ho Jung*, Bo-Ram Seok

Department of Communication, College of Social Sciences, Gyeongsang National University, Jinju-si, Gyeongsangnam-
do, Republic of Korea

Corresponding author: seung.h.jung@gnu.ac.kr

Abstract

Laboratory automation has emerged as a key paradigm for accelerating materials discovery, yet empirical 
quantification of its impact on research throughput remains scarce. This study presents systematic empirical 
evidence on how laboratory automation tools link to throughput gains in materials discovery projects. Using a  
randomized survey experiment with a diverse sample of materials science researchers, we evaluate the perceived 
and projected productivity dividends of different automation modalities, ranging from automated liquid handling 
to fully autonomous closed-loop synthesis systems. The empirical findings indicate that semi-automation and 
full  automation  yield  highly  substantial  increases  in  project  throughput  compared  to  traditional  manual 
workflows. However, these gains are heavily moderated by the complexity of the materials systems under study 
and the administrative burdens associated with programming and maintaining the robotic systems. We find that 
while throughput increases, the cognitive workload shifts from physical execution to software troubleshooting 
and data processing. These results provide critical insights for academic departments, funding agencies, and 
industrial research laboratories attempting to optimize resource allocation and accelerate materials design.

Keywords: Materials Informatics; Laboratory Automation; Survey Experiment; Throughput Optimization; Throughput  
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1. Introduction

1.1 Context and Research Problem

The discovery of novel materials lies at the heart of solving critical global challenges, including clean energy 
transition, advanced electronics manufacturing, and biomedical engineering. Traditionally, the synthesis and 
characterization of new compounds have relied on the classical Edisonian approach, characterized by labor-
intensive, sequential, and trial-and-error laboratory procedures [1]. This manual paradigm severely limits the 
rate of scientific progress, as researchers must spend considerable time executing repetitive physical actions such 
as pipetting, weighing powders, operating ovens, and logging characterization data. Over the past two decades, 
high-throughput materials discovery and the global Materials Genome Initiative have advocated for a dramatic 
shift toward laboratory automation to overcome these developmental bottlenecks.

Despite  the widespread theoretical  promise  of  automated laboratories,  the actual  empirical  relationship 
between the adoption of robotic tools and realized throughput gains remains poorly understood. Research 
institutions  and  industrial  firms  make  substantial  capital  investments  in  robotic  platforms  without  clear 
benchmarks of how these tools translate into actual project-level productivity. This gap in knowledge arises 
because  of  several  methodological  challenges.  Observational  studies  comparing  automated  and  manual 
laboratories suffer from severe confounding factors, including differing levels of research funding, varying 
expertise among scientists, and differences in the complexity of the materials systems under study [2]. A lab that 
adopts  a  state-of-the-art  robotic  synthesis  station  may  also  possess  superior  computational  resources  and 
administrative support, making it difficult to isolate the true causal effect of the automation hardware itself.

1.2 Research Objectives and Contributions
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This  study  addresses  these  analytical  challenges  by  employing  a  randomized  survey  experiment  to 
systematically evaluate how laboratory automation tools link to projected throughput gains across different 
materials  discovery  projects.  By  presenting  active  materials  science  researchers  with  randomized  project 
vignettes,  we  isolate  the  causal  effects  of  specific  automation  modalities  on  expected  throughput  while 
controlling for materials complexity, software environments, and research team characteristics. Through this 
approach, we move beyond simple anecdotal evidence and provide a rigorous, multi-dimensional assessment of 
the productivity dividend associated with laboratory automation.

The primary objective of this research is to establish a clear taxonomy of throughput gains corresponding to 
different levels of laboratory automation, from manual operations to fully autonomous closed-loop systems. 
Furthermore,  we  examine  the  critical  moderating  roles  of  materials  system  complexity  and  software 
programming  requirements.  In  doing  so,  we  identify  the  exact  socio-technical  friction  points  where  the 
advantages of robotic physical throughput are offset by cognitive and administrative overhead. This paper 
provides  valuable  empirical  guidelines  for  principal  investigators,  industrial  R&D managers,  and  funding 
agencies seeking to maximize the efficiency of materials design and synthesis infrastructure.

2. Literature Review and Background

2.1 The Evolution of Laboratory Automation in Materials Science

The historical trajectory of laboratory automation is deeply rooted in the pharmaceutical and life sciences  
industries, where automated high-throughput screening was pioneered to accelerate drug discovery pipelines [3]. 
The  early  application  of  these  principles  to  materials  science  involved  combinatorial  synthesis  methods, 
particularly in the exploration of thin-film materials, catalyst libraries, and polymer formulations. Over time, the 
scope of automation expanded from simple fluid handling to multi-step chemical synthesis, robotic powder 
dispensing, and integrated structural and functional characterization.

In recent years, the integration of artificial intelligence and machine learning with robotic hardware has paved 
the way for self-driving laboratories or autonomous materials platforms [4]. These systems execute closed-loop 
active learning cycles, where an algorithm designs the next experiment based on historical data, commands the  
robotic system to synthesize the sample, drives characterization equipment to measure properties, and processes 
the output without human intervention. While the technological capabilities of these closed-loop systems have 
been demonstrated in pilot studies for specific classes of materials, their generalizability and the organizational 
factors influencing their widespread adoption across broader scientific settings remain open questions.

2.2 Socio-Technical Dynamics and Researcher Adoption

The introduction of automation technology into any scientific workspace is not merely a technical upgrade 
but a profound socio-technical transformation. According to the technology acceptance model, the successful 
integration of a new tool depends on its perceived usefulness and its perceived ease of use [5]. In academic and 
industrial laboratories, researchers often experience a significant learning curve when transitioning from hands-
on manual synthesis to automated platforms. Programming robotic workflows, calibrating liquid handlers, and 
troubleshooting mechanical failures require skills that are traditionally absent from a standard chemistry or 
materials science curriculum.

This skill gap introduces cognitive friction, which can lead to resistance or underutilization of expensive 
automation assets. When automated systems are difficult to program or require frequent maintenance, scientists 
may  find  it  faster  to  perform  experiments  manually,  particularly  for  small-batch  exploratory  projects. 
Consequently, the actual throughput gains in a working laboratory may be significantly lower than the theoretical 
limits advertised by equipment manufacturers. Understanding these human-in-the-loop dynamics is essential for 
a realistic assessment of laboratory automation.

2.3 Hypothesis Formulation

Based on the existing literature on technology adoption, research productivity, and materials informatics, we 
formulate three core hypotheses to guide our empirical analysis.
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Hypothesis 1: Higher levels of laboratory automation correspond to non-linear increases in projected research 
throughput, with the greatest marginal gains realized during the transition from manual workflows to semi-
automation.

Hypothesis 2: The positive effect of laboratory automation on research throughput is negatively moderated 
by the complexity of the materials system, such that complex multi-component systems show lower automation-
driven throughput gains than simple binary or ternary systems.

Hypothesis 3: High programming and troubleshooting demands shift the operational bottleneck from physical 
execution to software management, thereby reducing the net throughput advantage of fully automated and 
autonomous closed-loop platforms [6].

3. Methodology and Analysis

3.1 Survey Experiment Design and Sample Characteristics

To test these hypotheses, we designed and executed a randomized survey experiment, which is also referred 
to as a factorial survey or vignette study [7]. This methodology is highly effective for isolating the causal impact 
of specific technological and organizational factors on professional judgments and expectations. The survey was 
distributed to active materials science researchers, including graduate students, post-doctoral scholars, laboratory 
technicians, and principal investigators in academia, national laboratories, and private R&D sectors.

A total of 320 unique respondents completed the survey experiment, with each respondent evaluating three 
distinct,  randomized  project  vignettes,  resulting  in  a  dataset  of  960  observed  vignette  evaluations.  The 
respondent sample represents  a broad cross-section of  the materials  science community,  spanning diverse 
geographic locations, institutional settings, and specific research domains such as energy storage materials,  
polymers, catalysts, and electronic devices.

Table 1: Participant Demographics and Institutional Representation

Demographic Category Sub-group Percentage of Sample

Academic Rank Doctoral Student 38.4

Academic Rank Postdoctoral Researcher 26.3

Academic Rank Principal Investigator or Professor 20.3

Academic Rank Industrial Scientist or Engineer 15.0

Institution Type Research Intensive University 62.5

Institution Type Government National Laboratory 22.8

Institution Type Private Industry R and D Center 14.7

Primary Materials Domain Energy and Battery Materials 34.1

Primary Materials Domain Polymers and Soft Matter 24.4

Primary Materials Domain Catalysis and Synthesis 21.9

Primary Materials Domain Semiconductors and Quantum Materials 19.6

3.2 Vignette Specifications and Experimental Variables

Each respondent was presented with a series of hypothetical scenarios describing a materials discovery 
project. Within each vignette, five key experimental attributes were randomly varied: the level of laboratory 
automation, the complexity of the materials system under exploration, the user-friendliness of the software 
interface, the budget allocated for experimental consumables, and the size of the research team.

The primary treatment variable, laboratory automation level, was randomized across four distinct states: 
manual  execution,  semi-automation (where  liquid or  solid  handling is  automated but  sample  transfer  and 
characterization remain manual), full automation (where synthesis, transfer, and characterization are integrated 
into a single robotic line), and autonomous closed-loop (where the physical system is controlled directly by an 
active learning algorithm).
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Figure 1: Comprehensive Schematic of the Factorial Survey Experiment and Information Treatment Design - Flow diagram 
illustrating how materials science respondents are randomly assigned to distinct vignette configurations representing manual, 
semi-automated, fully automated, and autonomous closed-loop laboratory setups with varying experimental parameters

Figure 1: Comprehensive Schematic of the Factorial Survey Experiment and Information Treatment Design

The materials complexity was randomized into three levels: simple binary systems, moderate ternary systems, 
and complex multi-component systems. The software environment was defined as either low-code/no-code 
(intuitive graphical interfaces) or high-code (requiring custom Python scripting and API integration) [8]. This 
systematic variation allows us to disentangle how physical automation gains interact with intellectual and 
administrative preparation times.

The dependent variable evaluated by the respondents was the projected weekly throughput of the project, 
defined as the number of successfully synthesized, characterized, and analyzed samples completed per week. 
Respondents also rated their confidence in this estimate and the perceived cognitive workload associated with 
the workflow.

3.3 Statistical Analysis Framework

The data collected from the randomized vignettes were analyzed using ordinary least squares regression 
models [9].  Because each respondent evaluated multiple vignettes,  we clustered the standard errors at the 
respondent level to account for within-subject correlation. The basic empirical specification is modeled as a 
linear function where the projected weekly throughput is predicted by the randomized automation levels, the 
materials complexity, the software environment, and control variables related to the respondent demographics.

The baseline model is expanded to incorporate interaction terms between the automation levels and materials 
complexity, as well as between the automation levels and software environments. These interaction models are 
critical  for testing Hypothesis 2 and Hypothesis 3,  allowing us to see if  the slope of the throughput gain 
flattens when researchers face highly complex chemistry or challenging software interfaces. We report robust  
standard errors and evaluate the statistical significance of our coefficients using standard t-tests.

4. Empirical Results and Data Analysis

4.1 Quantitative Estimates of Throughput Gains

The empirical analysis reveals a clear and statistically significant relationship between the level of laboratory 
automation  and  the  projected  throughput  of  materials  discovery  projects.  Table  2  presents  the  estimated 
coefficients from our regression models. In Model 1, which includes only the primary automation treatments, 
we find that moving from a manual workflow to semi-automation increases the projected weekly output by an 
average of 14.8 samples per week.
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Transitioning to full automation yields an even larger dividend, increasing the projected output by 32.5 
samples per week compared to the manual baseline. Interestingly, the transition to an autonomous closed-loop 
system results in an estimated increase of 35.2 samples per week. The small incremental gain between full 
automation and autonomous closed-loop operation suggests a potential plateau in physical throughput, which 
we explore further in the moderation analysis.

Table 2: Estimated Coefficients of Linear Regression for Throughput Gains

Explanatory Variables Model 1 (Baseline) Model 2 (With Controls) Model 3 (Interaction Model)

Semi-automation 14.82 14.65 18.23

Full Automation 32.54 32.31 42.15

Autonomous Closed-loop 35.18 34.92 47.60

Materials Complexity: 
Moderate

-5.12 -5.08 -2.10

Materials Complexity: High -12.45 -12.30 -4.15

High-Code Environment -3.80 -3.72 -1.12

Semi-automation x High 
Complexity

No No -8.54

Full Automation x High 
Complexity

No No -18.20

Autonomous x High-Code No No -14.65

Constant 8.24 9.15 10.45

These findings are visually represented in Figure 2, which illustrates the probability density functions of 
projected weekly throughput for each of the four automation configurations. The distribution for manual systems 
is highly concentrated around low throughput levels, while the semi-automated and fully automated distributions 
shift progressively to the right, showing both higher mean outputs and greater variance, reflecting the varying  
conditions of the hypothetical projects.

Figure 2: Empirical Distribution and Probability Densities of Projected Materials Synthesis Throughput Gains across 
Automation Configurations - Density plot comparing manual, semi-automated, fully automated, and closed-loop systems in terms  
of weekly experimental outputs across diverse researcher backgrounds

Figure 2: Empirical Distribution and Probability Densities of Projected Materials Synthesis Throughput Gains across 
Automation Configurations

4.2 Moderating Factors and Heterogeneous Effects

The results of Model 3 in Table 2 provide strong empirical support for Hypothesis 2 and Hypothesis 3,  
indicating that the benefits of laboratory automation are highly dependent on context. The interaction term 
between full automation and high materials complexity is negative and highly statistically significant. This 
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indicates that when a project involves complex, multi-component materials (such as high-entropy alloys or multi-
layered thin films), the throughput dividend of full automation is reduced by nearly half.

Similarly, the interaction between autonomous closed-loop systems and high-code environments is negative 
and  significant.  When  closed-loop  systems  require  custom  scripting  and  API  integrations,  the  projected 
throughput gains drop. This finding suggests that the time spent writing code, debugging software, and handling 
data structures directly competes with the physical runtime of the automated system. Researchers spend their 
gained physical time resolving software exceptions, resulting in a bottleneck shift from physical execution to 
computational administration [10].

We also examined heterogeneous effects based on respondent demographics. Interestingly, we found that 
junior researchers (doctoral students and postdocs) projected higher throughput gains from automation than 
senior principal investigators [11]. This discrepancy may stem from junior researchers having more direct, 
hands-on experience with the day-to-day operational  bottlenecks of  laboratory work,  making them highly 
appreciative of even basic semi-automation tools. Conversely, senior researchers may have a more realistic view 
of the administrative and maintenance delays that slow down automated systems in academic settings.

4.3 Robustness Checks

To ensure the validity and reliability of our survey experimental findings, we performed several robustness 
checks. First,  we tested for order effects to determine if the sequence in which respondents evaluated the  
vignettes  influenced  their  ratings.  The  results  indicated  no  statistically  significant  difference  in  projected 
throughput based on whether a vignette was shown first, second, or third.

Second, we restricted our sample to respondents who reported having direct personal experience operating 
automated laboratory equipment [12]. The coefficient estimates for this subsample remained highly consistent 
with our primary models, although the negative coefficient for the high-code interaction was slightly larger. This 
suggests that researchers with real-world automation experience are even more sensitive to the programming 
and troubleshooting bottlenecks predicted by Hypothesis 3.

5. Discussion and Policy Implications

5.1 Interpretation of Findings

The empirical results of this study paint a nuanced picture of the actual productivity dividend of laboratory 
automation in materials science.  On one hand, the transition from manual,  hands-on work to basic semi-
automation and full physical automation delivers undeniable, massive increases in raw throughput. This supports 
the ongoing push toward incorporating robotic platforms into materials discovery workflows. By automating 
repetitive tasks, laboratories can significantly compress the timeframe required to map out compositional spaces 
and optimize material properties.

On the other hand, our findings caution against a naive view of automation as a magic bullet for research 
productivity.  The  pronounced  bottleneck  shift  observed  in  high-code  environments  and  high-complexity 
materials systems shows that physical automation does not eliminate human labor; instead, it fundamentally 
changes the nature of that labor. The researcher's role is transformed from a physical manipulator of chemical 
instruments to a system engineer, programmer, and data manager [13]. If this transition is not supported by 
proper software infrastructure and training, the expensive physical hardware can easily become underutilized, 
sitting idle while researchers struggle with software integration or mechanical calibration issues.

Table 3: Institutional and Technical Barriers to Automation Integration

Barrier Category Specific Challenge Mean Severity Rating

Technical Support Lack of Dedicated Automation Engineers 4.32

Usability and Code
High Programming Complexity of API 
Interfaces

4.15

Cost and Access Extremely High Capital Acquisition Costs 3.98

Standard Practice
Lack of Standardized Data and Hardware 
Formats

3.85

Cultural Resistance
Researcher Preference for Hands-on 
Synthesis

2.54



Reports in Science and Applied Research   |   https://sciappreports.science

Vol. 1, Issue 1 (2026) 7

5.2 Barriers to Automation Adoption

To contextualize our experimental results, we analyzed the direct ratings provided by respondents regarding 
the primary barriers preventing their laboratories from adopting or fully utilizing automation tools. As shown in 
Table 3, the lack of dedicated laboratory automation engineers was identified as the single most critical barrier,  
followed closely by the complexity of programming interfaces. This aligns perfectly with our experimental  
evidence showing that software and troubleshooting overhead dampens the throughput advantages of advanced 
robotic platforms.

Interestingly, cultural resistance from researchers was rated as the least severe barrier. This indicates that the 
materials science community is generally eager and willing to adopt automated technologies. The primary 
friction points are structural, financial, and educational. Researchers want to use these tools, but they lack the 
institutional support, standardized software environments, and technical training necessary to do so effectively.

5.3 Institutional and Funding Implications

These findings have direct implications for how academic departments, national laboratories, and funding 
agencies should approach the future of materials discovery. Currently, a substantial portion of research funding 
is directed toward purchasing expensive, high-end robotic hardware. However, our study suggests that investing 
solely in hardware yields diminishing returns if it is not accompanied by equivalent investments in software  
usability and human capital [14].

Funding agencies should prioritize grants that support the development of open-source software libraries, 
standardized  data  schemas,  and  user-friendly,  low-code  interfaces  for  materials  automation.  Additionally, 
academic  institutions  must  adjust  their  training  programs.  Materials  science  curricula  should  incorporate 
foundational concepts of data science, robotic control, and system engineering. By training a new generation of 
bilingual scientists who are equally comfortable with chemical synthesis and software programming, institutions 
can bridge the socio-technical gap and unlock the full potential of automated laboratories.

Furthermore,  academic  departments  should  consider  hiring  dedicated  research  software  engineers  and 
automation technicians. Expecting graduate students and postdoctoral scholars to simultaneously act as materials 
researchers, robotic programmers, and hardware mechanics is inefficient and contributes to high rates of project 
failure and equipment abandonment. Having specialized staff to maintain, program, and manage laboratory 
robotics ensures that research groups can sustain high levels of throughput over long periods.

6. Conclusion and Future Directions

6.1 Key Findings and Direct Contributions

This paper provides systematic empirical evidence linking laboratory automation tools to throughput gains in 
materials  discovery projects.  By utilizing a  randomized survey experiment  with  a  diverse  sample  of  320 
materials science researchers, we successfully isolated the causal impacts of different automation configurations 
while accounting for confounding project-level factors. Our analysis demonstrates that semi-automation and full 
automation deliver substantial increases in experimental output, but these gains are not uniform.

The productivity dividend of automation is heavily moderated by the complexity of the materials system 
under exploration and the programming demands of the software environment. When systems are difficult to 
program or material synthesis processes are highly complex, the operational bottleneck shifts from physical 
execution to software troubleshooting and data processing. Consequently, the net throughput gains of highly 
advanced, closed-loop systems are often partially offset by this cognitive and administrative overhead. This 
study highlights the critical importance of evaluating automated laboratories through a socio-technical lens that 
accounts for both human-in-the-loop dynamics and hardware capabilities.

6.2 Limitations and Path Forward

While this study offers valuable insights, several limitations point to fruitful avenues for future research. First, 
our empirical measures of throughput are based on the structured expectations and projected outputs of active  
researchers  rather  than  real-time  observational  data.  Although  survey  experiments  are  highly  reliable  for 
capturing professional judgments, actual physical throughput can be influenced by unexpected real-world events, 
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such as hardware breakages, supply chain disruptions, and institutional scheduling conflicts. Future research 
could combine survey methodologies with automated log-file analysis from running robotic platforms to capture 
the precise, real-time distribution of physical runs and system downtime.

Second,  our  sample  was  primarily  composed  of  researchers  working  in  academic  and  government 
laboratories. While we did capture a segment of industrial scientists, the operational dynamics of private-sector 
R&D labs may differ significantly due to larger capital budgets, more specialized technical staff, and stricter 
standardization protocols. A comparative study focusing specifically on the differences between academic and 
industrial automation environments would provide deeper insights into how organizational structures shape the 
efficiency of automated materials discovery.

Ultimately, the successful transition to automated, autonomous scientific discovery will require a continuous 
feedback  loop  between  hardware  development,  software  engineering,  and  socio-technical  research.  By 
identifying and addressing the human-centric and software-related bottlenecks highlighted in this study, the 
scientific community can ensure that the substantial investments made in robotic laboratories translate into faster, 
more robust discoveries of the critical materials needed to address our society's most pressing technological 
challenges.
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