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  This study aims to develop a data-driven chemistry framework to improve 

the efficiency of environmentally friendly material synthesis. The study 

responds to the problem of fragmented experimental records, repeated trial-

and-error practices, and limited integration between synthesis data, green 

chemistry principles, and laboratory decision-making. A qualitative 

instrumental case study design was used to explore how researchers 

generate, document, interpret, and apply experimental data in material 

synthesis. Data were collected through semi-structured interviews, limited 

participant observation, and document analysis involving lecturers, material 

researchers, postgraduate students, laboratory analysts, instrument 

operators, and data-oriented researchers selected through purposive and 

snowball sampling. Thematic analysis identified five main themes: 

fragmented experimental data, tacit decision-making in synthesis design, 

practical meanings of green efficiency, cautious trust in data-driven 

recommendations, and the need for an adaptive laboratory framework. The 

findings show that data-driven chemistry can support greener synthesis 

when laboratory data are standardized, failed experiments are documented, 

characterization results are linked to synthesis parameters, and researcher 

interpretation remains central to decision-making. This study contributes 

theoretically by framing data-driven chemistry as a sociotechnical practice 

that connects human expertise, laboratory culture, data systems, and 

sustainability values. Practically, the proposed framework can help 

laboratories reduce unnecessary experiments, improve documentation 

quality, and strengthen environmentally responsible material synthesis. 

Future research should test the framework across different material systems 

and integrate qualitative findings with measurable environmental 

performance indicators. 
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1. Introduction 

The development of environmentally friendly material synthesis has become a major concern in 

contemporary chemistry because material innovation now faces stronger demands for efficiency, 

safety, reproducibility, and sustainability. At the global level, material synthesis is no longer 

assessed only by the successful formation of the target product. It also needs to consider the 
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environmental consequences of solvent selection, precursor use, reaction temperature, synthesis 

duration, energy consumption, waste generation, and post-synthesis treatment. In this context, 

data-driven chemistry offers a relevant pathway because it enables researchers to use 

experimental data, computational modeling, and machine learning to support more informed 

decisions in designing synthesis routes. Recent studies show that artificial intelligence and 

machine learning can support sustainable chemistry by improving reaction optimization, reducing 

unnecessary experimental trials, and accelerating the discovery of safer and more efficient 

materials (Ghasemlou et al., 2025; Leonard & Hasan, 2021). This shift is also important for 

research laboratories in developing countries, including Indonesia, where limited research funds, 

equipment access, and reagent availability require more efficient experimental strategies. 

In practice, many laboratories still rely on trial-and-error approaches, personal experience, and 

fragmented documentation when conducting material synthesis. Researchers often decide 

reaction parameters based on previous laboratory habits, supervisor recommendations, or partial 

literature reports rather than structured data integration. This condition makes synthesis processes 

difficult to reproduce and limits the opportunity to learn from failed or less optimal experiments. 

Data from laboratory notebooks, instrument outputs, synthesis logs, and characterization results 

often remain scattered across different formats. As a result, valuable experimental knowledge is 

not always transformed into reusable data for future synthesis planning. Wang et al. (2022) 

showed that structured datasets extracted from synthesis procedures can support data-driven 

material discovery, while Williamson and Brutchey (2023) emphasized that data-driven learning 

can help predict and control inorganic material synthesis outcomes. These findings indicate that 

the efficiency of green synthesis depends not only on advanced algorithms but also on the way 

laboratories record, organize, interpret, and reuse experimental data. 

The issue is important because environmentally friendly material synthesis is not only a 

technical matter. It also reflects the social and cultural practices of scientific work in the 

laboratory. The success of data-driven chemistry depends on how researchers understand data 

quality, trust model recommendations, document experimental failures, and connect sustainability 

indicators with chemical reasoning. In many research settings, successful experiments are more 

visible than failed trials, while failed synthesis data may remain undocumented even though they 

contain important information for reducing waste and avoiding repeated errors. This creates a gap 

between the potential of data-driven methods and their actual implementation in daily laboratory 

practice. Studies on self-driving laboratories and autonomous experimentation show that 

automation, machine learning, and closed-loop optimization can accelerate material discovery 

(Abolhasani & Kumacheva, 2023; Epps et al., 2021; Tom et al., 2024). However, these advances 

still require human interpretation, contextual judgment, and clear laboratory workflows to ensure 

that data-driven systems align with green chemistry principles. 

Theoretically, this study is grounded in a sociotechnical perspective, which views data-driven 

chemistry as an interaction between researchers, instruments, data systems, algorithms, laboratory 

routines, and sustainability values. This perspective is relevant because a chemistry framework 

cannot be understood only as a computational tool. It also functions as a decision-making system 

shaped by human experience, institutional support, and laboratory culture. Stach et al. (2021) 

argued that autonomous experimentation systems require strong integration among data 

infrastructure, domain expertise, and stakeholder collaboration. In material synthesis, this 

integration becomes more complex because researchers must balance product performance, 

synthesis feasibility, environmental impact, and resource availability. Therefore, a qualitative 

approach is needed to explore how researchers give meaning to data, how they evaluate 

efficiency, and how they negotiate the use of predictive tools in real laboratory settings. This 

approach allows the study to capture processes that cannot be fully explained by numerical 

performance indicators alone. 

Previous studies have made significant contributions to data-driven material synthesis, 

machine learning-assisted optimization, and autonomous experimentation. McDermott et al. 
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(2021) developed a graph-based model to predict reaction pathways in solid-state synthesis. Tang 

et al. (2020) demonstrated that machine learning can guide advanced inorganic material synthesis 

with fewer experimental trials. Szymanski et al. (2023) introduced an autonomous laboratory for 

accelerating the synthesis of novel materials. Other studies have reviewed machine learning 

applications in material property prediction, thermoelectric material synthesis, and self-driving 

laboratory design (Huang et al., 2023; Jain, 2024; Na, 2023; Rooney et al., 2022). Although these 

studies provide strong technical foundations, many of them focus on model performance, 

automation architecture, or prediction accuracy. Few studies explore how researchers experience, 

interpret, and adapt data-driven chemistry frameworks in environmentally friendly material 

synthesis, especially in laboratories with limited resources and diverse documentation practices. 

Based on this gap, this study aims to develop a data-driven chemistry framework to improve 

the efficiency of environmentally friendly material synthesis through a qualitative exploration of 

laboratory practices, researcher experiences, and decision-making processes. The study focuses 

on how experimental data are generated, documented, interpreted, validated, and integrated with 

green chemistry principles during material synthesis. The theoretical contribution of this study 

lies in expanding the understanding of data-driven chemistry as a sociotechnical practice rather 

than merely a computational process. The practical contribution lies in providing a framework 

that can guide laboratories in designing structured documentation systems, reducing repetitive 

experiments, improving synthesis planning, and strengthening environmentally responsible 

research practices. The framework is expected to support more transparent, efficient, and 

sustainable material synthesis, especially in academic and research laboratories that need 

adaptable and realistic data-based decision tools. 

2. Materials and Methods 

This study used a qualitative approach with an instrumental case study design. The case study 

design was selected because the research aimed to examine a bounded phenomenon, namely the 

development and implementation of a data-driven chemistry framework in environmentally 

friendly material synthesis. This design allowed the researcher to explore laboratory practices, 

researcher experiences, data documentation routines, and decision-making processes in their 

natural context. A case study is suitable when the boundaries between the phenomenon and its 

context are closely connected, and when the researcher needs to understand how and why a 

process occurs in a specific setting (Priya, 2021). In this study, the case was not limited to the 

technical success of material synthesis. It also included how researchers interpret data quality, 

apply green chemistry principles, and use experimental evidence to improve synthesis efficiency. 

The study was conducted in a chemistry material laboratory and a computational chemistry or 

data analysis unit at a university or research institution in Indonesia. The research was planned 

for four months, from February to May 2025. The research period covered preliminary 

observation, participant recruitment, semi-structured interviews, limited participant observation, 

document collection, data validation, thematic analysis, and framework development. The 

selected research site was considered relevant because it conducted material synthesis activities, 

used characterization instruments, produced experimental datasets, and had laboratory members 

who engaged with green chemistry or data-based decision-making. The site also represented a 

realistic laboratory context where data-driven chemistry could be developed gradually without 

assuming full automation or advanced self-driving laboratory infrastructure. 

Participants were selected using purposive sampling. The selection focused on individuals who 

had direct experience with material synthesis, laboratory data documentation, characterization 

procedures, green chemistry principles, or data analysis. The participants included chemistry 

lecturers, material researchers, postgraduate students, laboratory analysts, instrument operators, 

and researchers familiar with machine learning or experimental data management. The inclusion 

criteria required participants to have at least one year of experience in synthesis, characterization, 

or laboratory data handling. They also needed to be willing to share their experiences and allow 
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the researcher to examine relevant non-confidential documents. The initial target was 12 to 18 

participants. This number could increase through snowball sampling when key participants 

recommended other informants with specific expertise. The final number of participants was 

determined by data saturation, when additional interviews no longer produced new substantial 

themes (Hennink & Kaiser, 2022). 

Data were collected through semi-structured interviews, limited participant observation, and 

document analysis. Semi-structured interviews were used to explore participants’ experiences in 

selecting synthesis parameters, recording experimental data, evaluating failed experiments, 

assessing synthesis efficiency, and responding to data-driven recommendations. Each interview 

lasted around 45 to 90 minutes and was recorded with participant consent. Limited participant 

observation was conducted during laboratory routines, including material preparation, parameter 

setting, reaction monitoring, data recording, sample labeling, instrument use, and team 

discussions about synthesis results. Document analysis included laboratory notebooks, synthesis 

logs, standard operating procedures, characterization outputs, reagent records, safety documents, 

data spreadsheets, and research reports. These three data sources allowed the researcher to 

understand the relationship between laboratory practice, data culture, and environmentally 

friendly synthesis decisions. 

Data validity was maintained through source triangulation, method triangulation, member 

checking, and an audit trail. Source triangulation was conducted by comparing information from 

lecturers, students, analysts, instrument operators, and data-oriented researchers. Method 

triangulation was conducted by comparing interview findings with observation notes and 

laboratory documents. Member checking was carried out by returning interview summaries and 

preliminary interpretations to selected participants to confirm whether the researcher’s 

interpretation matched their intended meaning. McKim (2023) emphasized that member checking 

needs to be structured so that it strengthens interpretive validity rather than becoming a formal 

confirmation only. An audit trail was also maintained by documenting interview guides, consent 

records, coding decisions, theme revisions, analytical memos, and framework development notes. 

This strategy supported credibility, dependability, transferability, and confirmability in the 

qualitative research process (Ahmed, 2024; Carcary, 2020). 

The data were analyzed using reflexive thematic analysis. The analysis followed several 

stages, namely familiarization with the data, initial coding, theme construction, theme review, 

theme definition, and narrative writing. Interview transcripts, observation notes, and documents 

were read repeatedly to identify patterns related to data documentation, synthesis decision-

making, sustainability considerations, researcher trust in data, and barriers to framework 

implementation. Coding was conducted inductively so that themes could emerge from 

participants’ experiences. However, the analysis was also informed by the concepts of data-driven 

chemistry, green chemistry, and sociotechnical systems. Braun and Clarke (2021) explained that 

reflexive thematic analysis requires active interpretation from the researcher, while Byrne (2022) 

showed that this approach can produce coherent themes when the analytical process is clearly 

documented. In this study, thematic analysis was used not only to describe participant experiences 

but also to construct the proposed data-driven chemistry framework. 

The development of the framework followed the synthesis of empirical themes and theoretical 

concepts. First, themes from the field data were mapped into several components, including data 

generation, data documentation, data cleaning, synthesis parameter selection, green efficiency 

assessment, model-supported recommendation, researcher interpretation, and decision feedback. 

Second, these components were connected into a workflow that explains how experimental data 

can support more efficient and environmentally friendly material synthesis. Third, the initial 

framework was discussed with selected key informants to assess clarity, feasibility, and relevance 

to laboratory practice. The framework was revised based on this feedback. The final framework 

was designed as a practical guide for laboratories that want to move from fragmented experiment 

records toward more systematic and reusable synthesis data. 
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Ethical procedures were applied throughout the study. Participants received information about 

the research objectives, data collection procedures, confidentiality protection, voluntary 

participation, and their right to withdraw from the study. Participant names, laboratory names, 

and sensitive experimental information were anonymized. Digital data were stored in password-

protected files and accessed only by the research team. The study did not require participants to 

conduct unsafe experiments or change their standard laboratory procedures. The researcher only 

observed existing practices and discussed participants’ experiences. These ethical considerations 

were important because laboratory data may include unpublished results, intellectual property 

concerns, and sensitive institutional information. Therefore, the study treated data protection, 

participant consent, and responsible reporting as essential parts of the research design.  

3. Results and Discussions 

The qualitative analysis identified five main themes that explain how a data-driven chemistry 

framework can improve the efficiency of environmentally friendly material synthesis. These 

themes emerged from semi-structured interviews, limited participant observation, and laboratory 

document analysis. The themes include fragmented experimental data, tacit decision-making in 

synthesis design, practical interpretations of green efficiency, cautious trust in data-driven 

recommendations, and the need for an adaptive laboratory framework. These findings show that 

data-driven chemistry is not only a technical innovation. It is also a change in laboratory culture, 

documentation habits, and scientific decision-making. 

The first theme concerns fragmented experimental data. Most participants stated that synthesis 

data were available, but they were not always organized in a format that could support future 

analysis. Experimental records were often stored in laboratory notebooks, spreadsheet files, 

instrument folders, personal laptops, and informal communication channels. This condition made 

it difficult for researchers to trace previous synthesis conditions, compare failed and successful 

trials, or reuse historical data for new experiments. One participant explained, “We have many 

synthesis records, but they are not always in the same format. Sometimes the temperature is 

written, but the stirring speed or solvent volume is missing” (P4). Observation also showed that 

data from characterization instruments were often separated from synthesis notes. This separation 

limited the ability of researchers to connect synthesis parameters with material properties. 

The second theme shows that synthesis decisions were strongly influenced by tacit knowledge. 

Researchers did not rely only on formal protocols or published procedures. They also used 

intuition, previous experience, and advice from senior researchers. This pattern helped researchers 

work efficiently in familiar experiments, but it created challenges for replication and systematic 

learning. A postgraduate student stated, “Usually we follow the method from previous students, 

but we adjust it based on what usually works in our lab” (P7). This finding indicates that 

laboratory experience remains important in material synthesis. However, tacit knowledge needs 

to be translated into explicit and structured data so that it can be shared, validated, and reused by 

other researchers. 

The third theme relates to how participants understood green synthesis efficiency. Participants 

did not define efficiency only as a faster synthesis process. They also linked it to lower reagent 

consumption, safer solvent use, reduced energy demand, fewer failed trials, and simpler post-

treatment procedures. A laboratory analyst noted, “For us, an efficient synthesis is not only about 

getting the product. It is better if we use less solvent, avoid repeated heating, and reduce waste 

from failed samples” (P2). This view shows that green efficiency has a practical meaning in 

laboratory work. It reflects the daily effort to balance material performance, cost, safety, and 

environmental responsibility. 

The fourth theme concerns cautious trust in data-driven recommendations. Participants 

generally accepted the potential of data-driven chemistry, but they did not want algorithmic 

suggestions to replace chemical reasoning. They expected the framework to provide explainable 
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recommendations that could be checked against theory, laboratory constraints, and material 

characterization results. One participant said, “If the system suggests a condition, we still need to 

know why. We cannot just follow numbers without chemical logic” (P9). This statement reflects 

a critical attitude toward data-based tools. Researchers were willing to use data-driven 

recommendations when the system supported human judgment, not when it reduced the role of 

researchers as scientific decision-makers. 

The fifth theme points to the need for an adaptive data-driven chemistry framework. 

Participants emphasized that the framework should not be too complex because many laboratories 

still face limited instruments, inconsistent documentation, and unequal data literacy. The 

framework should begin with simple but structured practices, such as standardized synthesis 

templates, complete parameter records, failed experiment logs, linked characterization data, and 

green efficiency indicators. Based on the data, the proposed framework consists of five stages: 

data capture, data standardization, green efficiency mapping, data-driven recommendation, and 

researcher validation. This framework allows laboratories to improve synthesis efficiency 

gradually while maintaining scientific control and contextual flexibility. 

Discussion 

The findings show that the main challenge in developing data-driven chemistry is not the 

absence of data, but the weak organization and limited reuse of experimental data. This supports 

Wang et al. (2022), who argued that structured synthesis datasets are essential for data-driven 

material discovery. In this study, laboratory data existed in many forms, but they were not always 

ready for systematic analysis. This condition creates a gap between the potential of machine 

learning and the reality of laboratory documentation. Therefore, the first step toward data-driven 

chemistry should not always be advanced automation. It should begin with better data discipline, 

consistent documentation, and clear links between synthesis parameters and material properties. 

The dominance of tacit knowledge also confirms that material synthesis remains a human-

centered scientific practice. Researchers often depend on experience to adjust reaction parameters, 

solve unexpected problems, and interpret unclear results. This finding extends the sociotechnical 

perspective of Stach et al. (2021), which views autonomous experimentation as a system that 

requires integration between instruments, data, domain expertise, and human collaboration. In the 

context of this study, a data-driven framework must not eliminate tacit knowledge. Instead, it 

should help transform tacit knowledge into explicit data that can be discussed, tested, and 

improved across research teams. 

The participants’ interpretation of green efficiency offers an important contribution to the 

literature on sustainable chemistry. Green synthesis is often discussed through formal metrics, 

such as energy use, waste reduction, and solvent safety. However, the findings show that 

researchers in daily laboratory practice understand green efficiency through practical indicators, 

including fewer failed trials, lower reagent use, shorter heating duration, safer procedures, and 

easier waste handling. This finding supports Leonard and Hasan (2021), who emphasized that 

artificial intelligence and machine learning can accelerate sustainable chemistry when they are 

connected to real decision-making problems in chemical practice. In this study, sustainability 

becomes meaningful when it can guide practical choices in synthesis planning. 

The cautious trust shown by participants also provides a critical perspective on the 

implementation of machine learning in chemistry. Previous studies have shown that machine 

learning can guide synthesis design, predict reaction pathways, and accelerate material discovery 

(McDermott et al., 2021; Tang et al., 2020). However, this study shows that researchers need 

interpretability before accepting data-driven recommendations. They do not reject algorithmic 

support, but they expect every recommendation to remain chemically reasonable, experimentally 

feasible, and environmentally justifiable. This finding is relevant to Jain (2024), who noted that 

interpretability and data quality remain key challenges in machine learning applications for 

materials research. 
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The proposed framework also responds to the gap between advanced self-driving laboratory 

models and the actual readiness of many research laboratories. Studies by Epps et al. (2021), 

Szymanski et al. (2023), and Tom et al. (2024) show that autonomous and self-driving laboratories 

can accelerate the discovery of materials and molecules. However, not all laboratories have the 

infrastructure to adopt full automation. The present study offers a more gradual approach. It 

positions data-driven chemistry as a scalable framework that can begin with structured 

documentation and researcher-guided decision-making before moving toward predictive 

modeling or laboratory automation. 

Theoretically, this study contributes to the understanding of data-driven chemistry as a 

sociotechnical learning process. The framework is not only a technical workflow for managing 

data. It is also a mechanism for changing how researchers document experiments, evaluate failure, 

define efficiency, and justify synthesis decisions. This contribution is important because many 

studies on data-driven material synthesis focus on algorithmic performance, while fewer studies 

explore the meanings, practices, and experiences of researchers who generate and use the data. 

By using a qualitative approach, this study shows that the success of data-driven chemistry 

depends on the interaction between data infrastructure, researcher trust, laboratory routines, and 

sustainability values. 

Practically, the findings suggest that laboratories need to build a stronger data culture before 

adopting advanced data-driven systems. This can be done by developing standardized synthesis 

forms, recording failed experiments, linking synthesis logs with characterization results, and 

including green indicators in every experimental record. Training is also needed so that 

researchers and students understand how to produce reusable data. Laboratory managers can use 

the proposed framework to reduce unnecessary repetition, improve resource efficiency, and 

support environmentally responsible research. For academic institutions, the framework can also 

strengthen research supervision because students and researchers can make synthesis decisions 

based on documented evidence rather than informal memory alone. 

This study has several limitations. The findings were developed from a qualitative case study, 

so they do not aim to produce statistical generalization. The framework also depends on the 

laboratory context, participant experience, and available documentation systems. Future research 

can test the framework in different types of material synthesis, such as biopolymers, catalysts, 

nanomaterials, or adsorbent materials. Further studies may also combine qualitative findings with 

experimental performance data to measure reductions in reagent use, synthesis time, energy 

consumption, and failed trials. A mixed-method design can strengthen the evidence on how data-

driven chemistry improves both laboratory practice and environmental performance.  

4. Conclusions 

This study concludes that the development of a data-driven chemistry framework can improve 

the efficiency of environmentally friendly material synthesis by transforming fragmented 

laboratory records into structured, reusable, and decision-oriented data. The findings show that 

synthesis efficiency is not only determined by reaction success, but also by the quality of 

documentation, the reduction of repeated trials, the use of safer materials, lower energy 

consumption, and the ability to connect synthesis parameters with characterization results. The 

study also reveals that researchers still rely heavily on tacit knowledge, personal experience, and 

informal laboratory routines. Therefore, data-driven chemistry should not replace chemical 

reasoning, but should support researchers in making more transparent, systematic, and 

environmentally responsible synthesis decisions. 

Theoretically, this study contributes to the understanding of data-driven chemistry as a 

sociotechnical practice that connects human expertise, experimental data, laboratory culture, and 

sustainability values. Practically, the proposed framework can guide laboratories in developing 

standardized synthesis records, failed-experiment logs, green efficiency indicators, and data-
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based evaluation systems. From a policy perspective, research institutions and higher education 

laboratories need to strengthen data governance, laboratory documentation standards, and 

researcher training in sustainable data management. Future studies are recommended to test this 

framework in different types of material synthesis, such as catalysts, biopolymers, nanomaterials, 

or adsorbents, and to combine qualitative findings with experimental measurements of energy 

use, reagent reduction, waste minimization, and synthesis success rates. 
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