
Artificial Intelligence in Chemical Engineering: A
Bibliometric and Foresight Analysis with Insights

from Peru
Marco Gusukuma1 ; Carlos Guillermo Hernández-Cenzano2

1,2 Departamento de Ingenierı́a, Pontificia Universidad Católica del Perú, Lima, Perú, mgusukuma@pucp.edu.pe,
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Abstract—Chemical engineering has expanded from its tradi-
tional focus on unit operations and petrochemical processing to
areas such as biotechnology, nanotechnology, advanced materials,
environmental engineering, and sustainability. In parallel, artifi-
cial intelligence (AI) has gained relevance in process modeling,
optimization, monitoring, and decision support for industrial
systems. This study examines the relationship between AI and
chemical engineering through a bibliometric review of Scopus-
indexed publications from 2015 to 2024, complemented by a
foresight-oriented analysis of emerging research directions. The
bibliometric results identify five thematic clusters: adsorption and
material characterization, process optimization and prediction,
computational chemistry, neural networks and chemometrics,
and chemical process automation. The temporal analysis shows a
shift from early applications in neural networks, process control,
and multivariate analysis toward recent developments in biopro-
cessing, pharmaceutical design, materials discovery, and agri-food
quality assessment. The paper also relates these global trends to
the Peruvian productive context, where dependence on primary
exports coexists with opportunities for selective technological
upgrading in mining analytics, agro-industry, pharmaceuticals,
and bioprocessing. The findings indicate that data-driven methods
can support chemical engineering education, research agendas,
and sectoral innovation strategies, particularly when they are
linked to human capital formation, data infrastructure, and
sustainability-oriented industrial development.

Keywords—Artificial intelligence, Chemical engineering, Bib-
liometric analysis, Technology foresight, Peru

I. INTRODUCTION

A. Evolution of Chemical Engineering

Chemical engineering emerged from the need to design,
operate, and improve industrial processes, particularly in petro-
chemical production, reaction engineering, separations, and
large-scale manufacturing. Over time, its scope has widened
to include biotechnology, nanotechnology, environmental en-
gineering, advanced materials, and computational methods [1],
[2]. This expansion has been shaped by changes in industrial
demand, progress in modeling and simulation, and growing
pressure to improve resource efficiency, reduce emissions, and
develop safer production systems [3], [4]. As a result, the field
now contributes not only to the optimization of process units,
but also to cleaner technologies, knowledge-intensive products,
and sustainability-oriented industrial systems.

B. Artificial Intelligence in Engineering and Process Systems

Artificial intelligence (AI) has entered engineering through a
gradual process of adoption. Early applications were based on
expert systems, rule-based reasoning, and heuristic algorithms,
mainly for diagnosis, control, and technical decision support
[5], [6]. Later, machine learning methods expanded the ability
to model nonlinear relationships, process large datasets, and
identify operational patterns that are difficult to represent
with conventional models [7], [8]. More recently, machine
learning, deep learning, sensor networks, cloud computing,
and industrial data platforms have supported new applications
in process monitoring, predictive modeling, optimization, and
automation [9].

These developments are especially relevant to chemical
engineering, where many systems involve nonlinear behavior,
multivariable interactions, uncertainty, and strict requirements
for quality, safety, and environmental performance. AI-based
methods can support soft sensing, fault detection, process
optimization, chemometric analysis, and hybrid models that
combine first-principles knowledge with data-driven compo-
nents [10]–[12]. Their value lies not in replacing established
engineering principles, but in extending the analytical capacity
available for complex process systems.

C. Peru’s Productive Context

The relevance of these technologies can also be examined in
economies with limited productive diversification. Peru shows
a marked gap between income and economic complexity.
According to the Atlas of Economic Complexity, the country
ranks 69th globally in income but 125th in economic com-
plexity, reflecting a productive structure still closely linked to
primary exports, particularly copper and gold [13]. National
statistics also indicate that manufacturing remains concentrated
in a reduced group of activities, including food production,
metals, and chemicals, which together represent a substantial
share of industrial output [14].

This structure creates constraints, but also areas for selective
technological upgrading. Dependence on raw materials limits
the development of higher value-added activities; however,
mining, agro-industry, pharmaceuticals, and bioprocessing of-
fer possible spaces for AI-enabled chemical engineering appli-
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cations. Mineral feedstock characterization, process analytics,
agri-food quality control, and computational support for prod-
uct development could contribute to incremental improvements
in productivity, quality, and value creation, provided that
adoption is supported by human capital, data infrastructure,
and sector-specific innovation policies [15]–[18].

D. Research Objective

This study examines the integration of artificial intelligence
into chemical engineering research through a bibliometric
analysis of Scopus-indexed publications from 2015 to 2024,
complemented by a foresight-oriented interpretation of future
trajectories. The analysis identifies thematic areas, emerging
applications, and possible implications of data-driven chemi-
cal engineering for resource-based economies, with particular
attention to the Peruvian context.

The study has three specific objectives: (1) to analyze recent
trends in data-driven chemical engineering between 2015 and
2024, with emphasis on materials design, process optimization,
chemometrics, and agri-food quality assessment; (2) to identify
potential applications of data-driven approaches in Peruvian
sectors such as mining, agro-exports, pharmaceuticals, and
bioprocess industries; and (3) to propose an educational and
training framework for data-driven chemical engineering, sup-
ported by a staged roadmap that links research capabilities,
industrial needs, and future technological development.

II. BACKGROUND AND LITERATURE REVIEW

A. Evolution of AI in Industry

Artificial intelligence has been incorporated into industry
through successive waves of technological adoption. Early
applications in the 1980s were mainly based on expert sys-
tems, rule-based inference, and heuristic reasoning, which
formalized specialized knowledge for diagnosis, control, and
technical decision-making [5], [6]. During the 1990s and
2000s, greater availability of operational data and computing
capacity favored the use of statistical learning, pattern recog-
nition, neural networks, and data-driven models in engineering
problems [7], [10].

More recently, AI applications have been supported by high-
performance computing, industrial sensors, cloud platforms,
and the Internet of Things (IoT). These technologies have
contributed to digitally enabled production environments, often
associated with Industry 4.0 [8], [9]. In industrial contexts, AI
is now used not only for automation, but also for predictive
maintenance, process monitoring, quality control, logistics
optimization, energy management, and decision support. Its
relevance is particularly evident in systems characterized by
nonlinear behavior, uncertainty, large volumes of heteroge-
neous data, and real-time operational constraints [11].

B. AI in Chemical Engineering

Chemical engineering has a long tradition of using com-
putational methods, including process simulation, numerical

optimization, computational chemistry, multivariate analysis,
and chemometrics. These tools provided the basis for early
AI applications in nonlinear process control, fault detection,
predictive modeling, and quality monitoring [1], [10]. Expert
systems and neural networks were initially used to support
process troubleshooting, surrogate modeling, and control of
reaction and separation processes. Later, the integration of
spectroscopy, process analytical technology (PAT), and mul-
tivariate data analysis strengthened the role of chemometrics
in real-time monitoring and product quality assessment.

Current developments point toward a broader use of hybrid
and data-driven approaches in chemical engineering. Machine
learning and deep learning are being applied to soft sensors,
anomaly detection, process optimization, molecular design,
materials discovery, and bioprocess modeling [12], [19]. Hy-
brid models are especially relevant because they combine first-
principles knowledge with empirical data, allowing process
behavior to be modeled without abandoning mechanistic un-
derstanding. This balance is important in industries where
interpretability, safety, scalability, and regulatory compliance
remain central requirements [11]. Recent applications also
include pharmaceutical modeling, AI-assisted drug design,
hyperspectral quality assessment in agri-food chains, and deep
learning for materials development [17], [18], [20]. Table I
summarizes these developments by decade.

TABLE I: Chronological evolution of AI in chemical engineer-
ing (1980s–2020s).

Period Representative developments
1980s Expert systems for process troubleshooting, rule-based

reasoning, and early AI-assisted control applications [5].
1990s Neural networks for process modeling, fuzzy logic control,

and AI-supported concurrent engineering applications [6].
2000s Statistical learning, pattern recognition, and chemometric

methods applied to process optimization, spectroscopy, and
PAT [7], [10].

2010s Expansion of machine learning, deep learning, IoT-enabled
monitoring, and data-driven approaches for process sys-
tems engineering [8], [11].

2020s Hybrid modeling, AI-assisted molecular and materials
design, bioprocess analytics, pharmaceutical modeling,
and sustainability-oriented process optimization [12], [17],
[18], [20].

C. Economic and Industrial Context in Peru
The Peruvian economy remains closely linked to primary

commodities, particularly copper, gold, and other mineral ex-
ports [13], [14]. This export structure has supported economic
growth, but it has also limited the development of more
diversified and knowledge-intensive productive capabilities.
The Atlas of Economic Complexity reports a significant gap
between Peru’s income ranking and its economic complexity
ranking, which reflects a productive structure concentrated
in activities with relatively low technological sophistication
[13]. National statistics similarly show that manufacturing is
concentrated in a limited group of activities, including food
products, metals, and chemicals [14].
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In this context, AI-enabled chemical engineering should not
be presented as a general solution to structural constraints. Its
potential lies in supporting selective technological upgrading
in sectors where Peru already has productive capabilities.
In mining, spectroscopy and machine learning can support
feedstock characterization, blending decisions, and process
monitoring [16]. In agro-industry, machine vision and hyper-
spectral imaging can improve quality assessment, moisture
prediction, traceability, and sorting processes [17]. In pharma-
ceutical and bioprocess activities, computational platforms and
hybrid models can contribute to product development, process
understanding, and candidate prioritization [18], [19]. These
applications suggest possible pathways for value creation in
resource-based economies, provided that adoption is accom-
panied by human capital formation, data infrastructure, and
sector-specific innovation policies [15]. Figure 1 summarizes
the relationship between Peru’s export structure and potential
AI-enabled value chain opportunities.

Fig. 1: Peru’s export structure compared with opportunities
from AI-enabled value chains.

III. METHODOLOGY

A. Research Design

The study follows a hybrid design that combines biblio-
metric analysis with foresight methods. Bibliometric analysis
was used to examine the structure and evolution of scientific
production on artificial intelligence (AI) in chemical engi-
neering, including publication trends, keyword co-occurrence,
thematic clusters, and collaboration patterns. This approach
is appropriate for mapping research fields because it allows
large volumes of scientific literature to be organized through
systematic and replicable procedures [21]–[23].

The foresight component was incorporated to interpret the
bibliometric results from a future-oriented perspective. Instead
of treating the bibliometric maps only as a description of past
publications, the study uses them as evidence for identifying
emerging technological trajectories and possible development
paths for data-driven chemical engineering. This combination
is useful in fields shaped by rapid technological change, where
scientific trends may anticipate future industrial capabilities,
skills requirements, and policy challenges [24]–[26]. In this
paper, the foresight analysis is applied with particular attention

to the Peruvian industrial context, where AI-enabled chemical
engineering may support selective technological upgrading in
resource-based sectors.

B. Data Collection

The primary data source was Scopus [27], selected for its
coverage of peer-reviewed literature in engineering, applied
sciences, industrial technology, and related interdisciplinary
fields. The analysis covered the period 2015–2024, which was
selected to capture the most recent decade of development
in AI-enabled chemical engineering. The search was limited
to documents written in English and classified as articles,
reviews, or conference papers.

The search strategy combined general AI terms with chem-
ical engineering and process-related terms using Boolean op-
erators. To make the query logic explicit, the equation was or-
ganized with parentheses separating the AI-related terms from
the chemical engineering and application-related terms. The
search parameters and filters applied in Scopus are summarized
in Table II.

TABLE II: Search parameters and filters applied in Scopus.

Parameter Description
Database Scopus [27]
Period 2015–2024
Search equation TITLE-ABS-KEY( (“artificial intelligence” OR

“machine learning” OR “deep learning”) AND
(“chemical engineering” OR chemometrics OR
“process optimization” OR sustainability) )

Document types Articles, reviews, and conference papers
Language English

The search parameters were reported explicitly to support
replication in Scopus. Detailed record-count traceability and
multi-database comparison were considered outside the scope
of this version and are addressed as limitations and future
work.

C. Analysis Process

The analysis was conducted in three stages. First, the records
exported from Scopus were reviewed to standardize author
keywords, reduce spelling variations, and group equivalent
terms where appropriate. This step was necessary because bib-
liometric maps are sensitive to inconsistencies in terminology,
especially in interdisciplinary fields where related concepts
may appear under different labels. The resulting dataset was
then used to examine descriptive indicators, including annual
publication output, thematic areas, and collaboration patterns.

Second, science mapping was performed using VOSviewer
[28] and Bibliometrix [29]. VOSviewer was used to gener-
ate keyword co-occurrence networks and identify thematic
clusters, while Bibliometrix supported the temporal analy-
sis and complementary bibliometric indicators. Keyword co-
occurrence was selected because it allows the intellectual
structure of a field to be inferred from the frequency with
which terms appear together in the same records [22]. The
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interpretation of clusters considered both the visual structure
of the maps and the substantive meaning of the terms, avoiding
a purely mechanical reading of the software output.

Third, the bibliometric results were used as inputs for the
foresight analysis. The Three Horizons framework was applied
to organize short-, medium-, and long-term trajectories for
AI-enabled chemical engineering [26]. Morphological anal-
ysis was then used to structure the main drivers considered
in the scenario construction: technology maturity, regulation
and standards, market adoption, and education and skills.
These drivers were derived from the bibliometric evidence,
the literature review, and the discussion of Peru’s productive
context. The scenarios are exploratory rather than predictive;
their purpose is to identify plausible development paths and
strategic implications for research, education, and industrial
upgrading. The overall methodological sequence is presented
in Figure 2.

Fig. 2: Methodological framework integrating bibliometric
mapping and foresight analysis.

IV. RESULTS

A. Publication Trends

The annual distribution of publications shows sustained
growth in research at the intersection of artificial intelligence
and chemical engineering during the 2015–2024 period. This
pattern is consistent with the broader incorporation of data-
driven methods into process systems engineering, process
analytics, and digitally supported industrial operations [10],
[11]. The year-by-year counts obtained from the Scopus query
described in Section III are presented in Fig. 3. The trend
suggests a progressive consolidation of the field, particularly
in the most recent years.

This growth can be associated with the increasing avail-
ability of industrial and experimental data, the maturation of
machine learning methods for nonlinear modeling, and the

expansion of sensing, computing, and data infrastructure in
process industries [8], [9]. In chemical engineering, these
conditions have supported applications in process monitoring,
soft sensing, optimization, chemometrics, materials discovery,
and bioprocess modeling [12], [19].

Fig. 3: Annual publications on AI and chemical engineering
from 2015 to 2024 based on the Scopus query described in
Section III.

B. Co-Occurrence Network

The keyword co-occurrence network identifies five thematic
clusters that describe the main research areas in the corpus
(Fig. 4; Table III). These clusters correspond to adsorption
and material characterization, process optimization and predic-
tion, computational chemistry, neural networks and chemomet-
rics, and process automation and analytics. Their distribution
indicates that AI applications in chemical engineering are
spread across process systems, analytical chemistry, materials
research, and digitally enabled operations.

The presence of terms such as process optimization, soft
sensors, model predictive control, and PAT reflects the long-
standing connection between chemical engineering and pro-
cess systems engineering [10], [11]. The grouping of neural
networks, chemometrics, spectroscopy, and imaging points to
the use of machine learning in quality monitoring and data-
rich experimental environments [17], [30]. In addition, the
clusters associated with computational chemistry and materials
characterization are consistent with recent developments in
hybrid modeling and data-driven materials discovery [12],
[20].

C. Temporal Evolution

The temporal analysis shows a gradual change in the dom-
inant uses of AI in chemical engineering (Fig. 5). In the first
stage, corresponding to early and foundational applications,
AI was mainly associated with expert systems, rule-based
reasoning, neural networks, and fuzzy control for process
troubleshooting, surrogate modeling, and nonlinear control
[5], [6]. These approaches established the initial connection
between AI and process engineering problems.
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Fig. 4: Keyword co-occurrence network generated with
VOSviewer. Colors denote clusters; node size reflects key-
word frequency; and edge thickness indicates co-occurrence
strength.

TABLE III: Cluster characteristics in the co-occurrence net-
work.

Cluster (theme) Representative keywords Methods / refer-
ences

Adsorption & ma-
terial characteriza-
tion

adsorption; porosity; sur-
face area; spectroscopy;
SEM/FTIR

Chemometrics and
multivariate analy-
sis [30]

Process optimiza-
tion & prediction

optimization; soft sensors;
MPC; quality; PAT

Machine learning,
process analytics,
and control [10],
[11]

Computational
chemistry

molecular modeling; ther-
modynamics; kinetics; sim-
ulation

Hybrid and first-
principles/data-
driven models [1],
[12]

Neural networks &
chemometrics

PCA/PLS; spectral analy-
sis; imaging; classification

Deep learning and
chemometric work-
flows [17], [30]

Process automation
& analytics

sensors; IoT; anomaly de-
tection; dashboards

Industrial analytics
and digitally
enabled operations
[8], [9]

In the second stage, machine learning became more closely
linked with process data analytics, spectroscopy, and chemo-
metric workflows. This period reflects the growing use of
multivariate analysis for process monitoring, quality assess-
ment, and PAT applications [10], [30]. In the most recent
stage, covering the 2020–2024 period, the field moves toward
more specialized and data-intensive applications, including AI-
assisted drug design, data-driven alloy discovery, hyperspectral
quality assessment in agri-food systems, and hybrid modeling
for chemical and biochemical processes [17]–[20]. This trajec-
tory suggests a movement from isolated modeling applications
toward more integrated data-driven workflows.

Fig. 5: Timeline of thematic evolution across stages derived
from keyword bursts and annual co-occurrence overlays.

D. Thematic Map

The thematic map (Fig. 6) locates topics according to
centrality and density. Centrality indicates the degree of con-
nection of a theme with the broader research field, while
density reflects its internal development. This representation
allows the map to distinguish between motor themes, basic
themes, niche themes, and declining or emerging themes [21],
[22].

The motor area includes terms such as machine learning,
process control, and algorithm, suggesting that these topics
are both developed and connected to the rest of the field.
Process optimization and artificial neural networks appear as
basic themes, indicating broad relevance but a more dispersed
internal structure. A niche area links neural networks with
chemistry and FTIR, reflecting specialized applications in spec-
troscopic analysis and chemical characterization. Terms such
as optical emission spectroscopy and semiconductor device
manufacture appear in a less central position, which may
indicate a narrower role within the corpus or a declining
presence relative to the dominant AI–chemical engineering
themes.

Overall, the thematic map is consistent with the co-
occurrence clusters reported in Table III. It also supports
the interpretation that the field has moved from early ANN-
based and rule-based applications toward machine learning,
chemometric integration, and hybrid modeling workflows [10],
[12], [30].

E. Case Applications

Selected applications from the literature illustrate how the
identified research themes are being translated into specific
technical uses (Table IV). In extractive industries, spectro-
scopic characterization combined with machine learning can
support feedstock assessment and process decision-making,
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Fig. 6: Thematic map from keyword co-occurrence analysis.
Centrality indicates relevance within the field, while density
indicates the degree of internal development of each theme.

which is relevant for mineral processing and smelting oper-
ations [16]. In pharmaceutical research, AI-driven platforms
can assist molecular design by integrating molecular evolution,
pharmacokinetic simulations, and multi-parameter optimiza-
tion [18]. In materials engineering, deep learning approaches
are increasingly used to relate composition and structure with
material properties, supporting alloy screening and discovery
[20].

These cases are not presented as empirical validation of
industrial adoption in Peru. Rather, they serve as reference
examples for discussing the types of data, methods, and
decision contexts through which AI can be connected to
chemical engineering practice. They also provide input for the
foresight analysis, especially in relation to mining analytics,
pharmaceutical and bioprocess development, agri-food quality
assessment, and advanced materials.

TABLE IV: Representative case applications and sectors im-
pacted.

Case / domain Data / method Outcome / reference
Spectroscopy for
mining analytics

Spectral features, Ra-
man/HSI, chemomet-
rics, and ML

Feedstock characteriza-
tion and process decision
support [16]

AI-driven drug
design (AIDD)

Molecular evolution,
PBPK simulation,
and multi-parameter
optimization

Candidate prioritization
and design efficiency
[18]

Deep alloys and
materials discov-
ery

Composition and
structure features with
deep learning models

Property prediction and
alloy screening [20]

Hyperspectral
agri-food quality
assessment

Machine vision, hyper-
spectral imaging, and
learning models

Moisture prediction and
quality control in agricul-
tural products [17]

V. DISCUSSION

A. Strategic Insights
The results suggest that the integration of data and process

models is becoming a relevant pathway for improving pro-
ductivity, quality, safety, and environmental performance in
process industries. In chemical engineering, this integration
is reflected in applications such as soft sensing, process
monitoring, fault detection, model predictive control, hybrid
modeling, and data-assisted product development [10]–[12].
These developments do not replace established chemical engi-
neering principles; rather, they extend their analytical scope
by combining empirical data, mechanistic knowledge, and
computational tools in decision-making.

For Peru, these trends should be interpreted in relation to the
country’s productive structure. The economy remains strongly
linked to primary commodities, particularly mineral exports,
while manufacturing and knowledge-intensive activities show
limited diversification [13], [14]. In this context, AI-enabled
chemical engineering may support selective upgrading in sec-
tors where Peru already has productive capabilities. In mining,
spectroscopy combined with machine learning can improve
feedstock characterization, blending decisions, and process
monitoring [16]. In agro-industry, machine vision and hyper-
spectral imaging can support quality control, sorting, moisture
prediction, and traceability [17]. In pharmaceutical and bio-
process activities, computational design and hybrid modeling
may contribute to candidate selection, process understanding,
and product development [18], [19]. Materials discovery also
represents a possible route toward higher value-added activities
through data-driven alloy screening and property prediction
[20].

These opportunities should not be interpreted as automatic
outcomes of AI adoption. Their realization depends on reliable
data, specialized human capital, sector-specific infrastructure,
and collaboration among universities, firms, and public in-
stitutions. Therefore, the strategic implication is not limited
to the introduction of AI tools; it also involves building the
organizational and technical conditions required to use them
in productive settings. This perspective is consistent with
competitiveness approaches that emphasize the transition from
resource extraction toward more sophisticated and knowledge-
intensive value propositions [15].

B. Educational Implications
The bibliometric and thematic results suggest that data-

driven methods should be incorporated into chemical engi-
neering education without weakening disciplinary foundations
such as thermodynamics, transport phenomena, reaction engi-
neering, separations, and process design. A balanced curricu-
lum would reinforce statistics, numerical methods, scientific
computing, data analysis, and optimization, while connecting
these areas with process systems engineering, process analyt-
ical technology, model predictive control, and sustainability
assessment [10], [11].
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Recent work on machine learning and hybrid modeling
in chemical and biochemical engineering also indicates that
future graduates will need to understand both data-driven and
first-principles models, including their assumptions, limita-
tions, validation requirements, and industrial risks [12], [19].
This requires learning experiences that combine theory, com-
putational practice, laboratory data, and sector-based projects.
Topics such as data governance, reproducibility, model mainte-
nance, ethics, and lifecycle thinking should also be considered,
particularly when AI systems support decisions related to
safety, quality, or environmental performance [31].

For Peru, these educational implications are relevant because
AI adoption in mining, agro-industry, pharmaceuticals, and
bioprocessing will require professionals capable of translat-
ing data science techniques into process-specific solutions.
Figure 7 outlines a program-level framework that connects
foundational quantitative training with process systems, PAT
and control, sustainability, and sectoral application studios.
The framework also emphasizes industry partnerships and
shared data and computing resources as enabling conditions
for applied learning and technology transfer.

Fig. 7: Proposed framework for integrating data-driven meth-
ods into chemical engineering education in Peru. The structure
connects core quantitative training to process systems, PAT and
control, sustainability, and sectoral application studios, sup-
ported by data governance, shared infrastructure, and industry
collaboration.

VI. FORESIGHT ANALYSIS

A. Morphological Drivers

The foresight analysis was developed to translate the bib-
liometric findings into plausible future trajectories for data-
driven chemical engineering. The purpose is not to forecast
a single outcome, but to organize uncertainty around drivers
that may influence the adoption of AI-enabled methods in
research, education, and industry. This approach is consistent
with foresight methods that combine evidence from current
trends with the structured exploration of alternative futures
[24]–[26].

Four drivers were selected for the morphological scheme.
The first is technology maturity, ranging from laboratory pro-
totypes to piloted solutions and validated applications at scale.
The second is regulation and standards, ranging from nascent

guidance to sector-specific rules and harmonized standards.
The third is market adoption, ranging from niche use to
broader industrial scaling and mainstream adoption. The fourth
is education and skills, ranging from ad-hoc upskilling to elec-
tive modules and core curricula with practice-oriented studios.
These drivers were derived from the bibliometric evidence,
the literature on process systems and hybrid modeling, and
the discussion of Peru’s productive structure [10]–[13].

The combinations of these drivers were used to construct
three internally coherent horizons. Horizon 1 reflects near-term
use of AI to improve existing operations. Horizon 2 describes
a transition toward hybrid modeling, data infrastructure, and
more formal governance. Horizon 3 represents a longer-
term configuration in which autonomous and sustainability-
constrained operations become more feasible from both techni-
cal and institutional perspectives. The scenarios are exploratory
and policy-dependent; therefore, they should be read as strate-
gic learning tools rather than predictions.

B. Three Horizons

Table V summarizes the three foresight horizons for data-
driven chemical engineering. Horizon 1 focuses on automation
and optimization of existing process units through soft sensors,
PAT, anomaly detection, and model-based control. This hori-
zon is closest to current industrial practice because it builds on
established process systems engineering and process analytics
capabilities [10], [11]. Horizon 2 emphasizes hybrid modeling,
digital infrastructure, model lifecycle management, and data
governance. This stage is especially relevant for applications
that require the combination of mechanistic understanding
and data-driven components [12], [19]. Horizon 3 considers
a longer-term transition toward autonomous, resilient, and
sustainability-constrained plants, where closed-loop optimiza-
tion, human-in-the-loop oversight, and lifecycle indicators are
embedded in supervisory decision-making.

Representative applications were selected from the literature
and aligned with Peru’s potential sectoral opportunities. These
include spectroscopy-enabled mining analytics, AI-assisted
molecular design, hyperspectral quality assessment in agro-
industry, and data-driven materials discovery [16]–[18], [20].
The proposed horizons therefore connect global research tra-
jectories with possible pathways for capability building in
resource-based economies.

The scenarios are aligned with the capability gaps and sec-
toral opportunities discussed for Peru, particularly in mining,
agro-export, pharmaceutical, and bioprocess activities [13]–
[15].
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TABLE V: Three Horizons foresight scenarios for data-driven chemical engineering.

Horizon Focus Dominant drivers Illustrative applications / enablers
H1
(0–3 yrs) Automation and optimization

of existing units; soft
sensors; quality by design

Technology maturity: piloted;
regulation: developing; market
adoption: early majority; education:
targeted upskilling

PAT with chemometrics for spectral monitoring;
anomaly detection and MPC in continuous or batch
lines; mining feedstock characterization to support
blending and energy-use decisions [10], [11], [16]

H2
(3–7 yrs) Hybrid modeling; digital

infrastructure; model
lifecycle management; data
governance

Technology maturity: validated at scale;
regulation: sector guidance; market
adoption: scaling; education: elective
and practice-based modules

Integrated pipelines for computational design and
process intensification; agri-food imaging deployed in
production environments; PBPK-coupled multi-objective
molecular design platforms [12], [17], [18]

H3
(7–12 yrs) Autonomous and sustainable

plants; closed-loop
optimization; resilience and
safety assurance

Technology maturity: widespread;
regulation: harmonized standards;
market adoption: mainstream;
education: core curricula with sector
studios

Data-driven materials discovery coupled with process
synthesis; self-tuning operations with human-in-the-loop
oversight; integration of emissions, water use, and
lifecycle indicators into supervisory control [2], [19],
[20]

Notes: PAT = Process Analytical Technology; MPC = model predictive control; PBPK = physiologically based pharmacokinetics; MLOps = lifecycle
management for models and data. Timeframes are indicative and depend on policy, investment, infrastructure, regulation, and human capital formation.

VII. CONCLUSIONS AND FUTURE WORK

A. Key Findings

This study examined recent developments at the intersection
of data-driven methods and chemical engineering through
bibliometric mapping and foresight analysis. The results show
sustained growth in publications during the 2015–2024 period
(Fig. 3) and a thematic structure organized around five clusters:
adsorption and material characterization, process optimization
and prediction, computational chemistry, neural networks and
chemometrics, and process automation and analytics (Fig. 4,
Table III). These clusters show that AI applications in chemical
engineering are distributed across process systems, analytical
methods, materials research, and digitally enabled operations,
rather than being concentrated in a single area.

The temporal analysis indicates a gradual transition from
early uses of neural networks, rule-based systems, and opti-
mization models toward more integrated applications involv-
ing spectroscopy, chemometrics, hybrid modeling, molecular
design, materials discovery, and agri-food quality assessment
(Fig. 5) [10], [17], [18], [20], [30]. In this context, AI
contributes mainly by connecting experimental data, process
knowledge, and computational models to support monitor-
ing, prediction, optimization, and decision-making in complex
chemical engineering systems [11], [12], [19].

B. Strategic Implications for Peru

For Peru, the findings are relevant because the country
remains highly dependent on primary commodities and shows
limited productive diversification [13], [14]. The results do not
suggest that AI adoption alone can overcome these structural
limitations. However, they indicate that selected AI-enabled
chemical engineering applications may support technological
upgrading in sectors where Peru already has productive ca-
pabilities. Mining analytics, agro-export quality systems, and
pharmaceutical or bioprocess development appear as near- and
medium-term opportunity areas.

In mining, spectroscopy-assisted feedstock characterization
may improve process monitoring and operational decisions
[16]. In agro-industry, hyperspectral imaging and machine
vision can support quality control, moisture prediction, sorting,
and traceability [17]. In pharmaceutical and bioprocess activi-
ties, computational design and hybrid modeling may contribute
to candidate prioritization, process understanding, and product
development [18], [19]. These opportunities are consistent with
the broader need to strengthen knowledge-intensive activities
and increase the technological content of Peru’s productive
structure [15].

C. Educational Implications and Roadmap

The results also suggest the need to update chemical engi-
neering education in a gradual and discipline-based manner.
Data-driven methods should be incorporated without displac-
ing core foundations such as thermodynamics, transport phe-
nomena, reaction engineering, separations, and process design.
The proposed program framework (Fig. 7) connects quantita-
tive foundations with process systems engineering, PAT and
control, sustainability, and sectoral application studios. This
structure would allow students to develop computational and
analytical skills while maintaining a clear connection with
chemical engineering problems.

The roadmap derived from the Three Horizons exercise
(Table V) organizes this transition into three stages. Horizon 1
emphasizes automation, soft sensors, process monitoring, and
quality by design. Horizon 2 focuses on hybrid modeling, data
governance, digital infrastructure, and model lifecycle man-
agement. Horizon 3 anticipates more advanced configurations
involving autonomous, resilient, and sustainability-constrained
operations. This sequence suggests that curriculum reform,
research agendas, and industry collaboration should evolve
together, supported by technology surveillance and periodic
review of emerging capabilities [24], [25], [31].
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D. Limitations

The study has several limitations. First, the bibliometric
analysis is based on Scopus records from 2015 to 2024 and
only includes English-language documents; therefore, regional
publications, technical reports, Spanish-language outputs, Web
of Science records, and patent documents may be underrep-
resented. Second, the study reports the search parameters and
filters applied in Scopus, but does not include a PRISMA-style
screening flow or detailed record-count traceability. Third,
keyword co-occurrence maps describe associations among
terms, but they do not establish causal relationships or directly
measure industrial adoption. Fourth, the case applications
are representative examples from the literature rather than
empirical case studies conducted in Peru. Finally, the foresight
component is exploratory and depends on the interpretation of
bibliometric trends, literature-based evidence, and contextual
assumptions about Peru’s productive structure. For this rea-
son, the proposed horizons should be understood as strategic
scenarios rather than forecasts.

E. Future Work

Future research should extend the evidence base in four
directions. First, the bibliometric corpus should be expanded
to include Web of Science and patent databases in order to
improve coverage and capture technology-transfer dynamics.
Second, patent landscaping and assignee-network analysis
could be used to identify firms, universities, and technol-
ogy domains with greater potential for industrial application.
Third, sectoral case studies with operational metrics should
be developed in mining, agro-industry, pharmaceuticals, and
bioprocessing to assess the benefits, costs, constraints, and
implementation risks of AI-enabled chemical engineering ap-
plications. Finally, the foresight scenarios should be updated
and validated through expert consultation, such as Delphi
rounds or structured interviews, to strengthen the roadmap
and support decisions on research priorities, infrastructure,
curriculum design, and industry partnerships [21], [23], [26].
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