IRSTI 28.29.55
Section: Chemistry
Article

Software implementation of probabilistic-deterministic design of a chemical

experiment on R

Vitaliy Fomin

Citation: Fomin, V. (2025).
Software  implementation  of
probabilistic-deterministic

design of a chemical experiment
on R. Bulletin of the L.N.

Gumilyov  ENU.  Chemistry.
Geography. Ecology  Series,
151(2), 130-142.

https://doi.org/10.32523/2616-
6771-2025-151-2-130-142

Academic Editor:
E.Ye. Kopishev

Received: 14.05.2025
Revised: 16.05.2025

Accepted: 19.06.2025
Published: 30.06.2025

Copyright: © 2025 by the
authors. Submitted for possible
open access publication under
the terms and conditions of the
Creative Commons Attribution
(cc BY NC) license
(https://creativecommons.org/lic

enses/by-nc/4.0/).

Buketov Karaganda University; vitftomin@mail.ru

Abstract: This paper presents a software implementation of an
algorithm for processing experimental data obtained using the
probabilistic-deterministic design of experiments (PDDoE) method in
the R environment. The tool enables the construction of partial and
generalized dependencies between results and varying factors, supports
templates of different dimensionalities, automates the selection of
approximation models, and evaluates their quality using R? the
nonlinear multiple correlation coefficient (Rm), and its significance
(tRm). Implementation is carried out entirely in R using packages such as
openxlsx, dplyr, and tcltk. The system supports arithmetic, geometric,
and harmonic averaging methods, automatic orthogonality checks, and
prioritized model selection based on tRwm, with emphasis on physically
meaningful functions. Generalized equations are constructed by
enumerating combinations of significant partial dependencies until the
maximum tRwm is achieved. The tool provides result visualization, table
export, and a modular structure allowing easy extension. Users can load
custom plan templates, add new metrics and approximating functions,
and manually define the form of both partial and generalized models.
Designed for researchers, educators, and engineers working with
multifactorial systems, the tool is applicable in scientific research,
chemical technology, and education. The ChatGPT language model was
used in R code generation. Potential applications of Al tools in
experimental data processing are briefly discussed.

Keywords: probabilistic-deterministic design of experiment; R;
approximation; modeling of chemical-technological processes.

1. Introduction

Methods of describing complex processes through one-factor
dependencies, traditionally used in scientific research, became resource-
intensive, economically inexpedient and inefficient in modern
conditions. There is a growing interest in mathematical methods of
experimental planning (Design of Experiments, DoE), which allow to
significantly optimize time and resource consumption while maintaining
sufficient accuracy of results.

Historically, the foundation of DoE was laid by Ronald Aylmer
Fisher (Fisher, 1926, 1935), who developed the principles of Latin
squares, randomization, and analysis of variance. Subsequently, George
Edward Box, who worked with G. Jenkins, proposed steepest ascent and
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sequential experimentation methods, and justified the approach to time series modeling and
experimental data processing (Box et al., 2015). These methods gave impetus to the application of
DoE in chemical engineering and process engineering problems. Current reviews (Jankovic et al.,
2021; Lee et al., 2022; Eriksson et al., 2014; Barad, 2014) confirm that DoE remains important, but
classical full-factor plans become unwieldy with the increase of the number of factors.
Significantly, any of the classical approaches allows only one response function to be optimized at a
time, and linear functions are used for approximation.

More flexible methods are required to describe processes with pronounced nonlinearity and
interaction of factors. One of them is probabilistic-deterministic design of experiment (PDDoE),
developed based on the ideas of M.M. Protodyakonov and R.I. Tedder (Protodyakonov & Tedder,
1970), who proposed to use multiplication of partial dependencies instead of polynomial
regressions. The main contribution to the formalization and development of PDDoE was made by
V.P. Malyshev, a scientist from Kazakhstan, who demonstrated its applicability in metallurgy and
chemistry, and pointed out a number of advantages over classical multifactorial design (Malyshev,
1981, 1994 Belyaev & Malyshev, 2008).

Simultaneously, the method of G. Taguchi was developing in the world, oriented at increasing
the stability of processes. His approach differed in criteria and structure, not being an alternative to
the PDDoE. As in most classical DoE approaches, Taguchi's method optimizes one aggregate result
- the so-called loss function, which includes dispersion and deviation from the target, but still
represents the only output indicator. G. Taguchi's approach is well explained in his classic work
(Taguchi, 1986).

PDDoE is actively used in the Republic of Kazakhstan and CIS countries in chemical-
technological experiments (Akberdin et al., 2018; Akhmetkarimova et al., 2017; Gogol et al., 2023;
Ibishev et al., 2017; Troeglasova, 2020), as well as for the tasks of optimization of settings and
calibration of physicochemical analysis instruments (Fomin et al., 2021a, 2021b, 2022, 2024
Turovets et al., 2024). In general, the PDDoE method yields stable mathematical models with
predictive power in most of the mentioned works and many other works.

However, with the growing interest to the method, examples of methodological errors have
also appeared: not well-founded attempts to describe generalized dependencies through polynomial
regressions, as well as the use of six-level plans, which is mathematically impossible, since it is
strictly proved that there are no orthogonal Latin squares of order 6 (Bose et al., 1960).

Existing software for PDDoE is extremely limited and is often represented by Excel macros.
Only two programs implementing the core functionality of the PDDoE are available (Author's
Certificate RK No. 26, 2018; No. 5515, 2019). The first one implements almost all the functionality
required in the “classical” PDDOE, from plotting to quality assessment of the generalized equation,
but its further development is difficult for a number of reasons, and the reports generated by it need
manual refinement to use the data in publications. The second one is intended for work with atomic
emission spectra and is not very convenient for general tasks. For some time, the program analiz3
was available for purchase, distributed through the analiz3.com website (No authors, 2013). The
program used a manually set “reference point” and grid search for approximation. Currently, the
website is not functioning, and the program is not officially distributed. This raises the need to
develop flexible, reproducible, and accessible software tools oriented to the current scientific
practice of using and further developing PDDoEs.

Modern approaches to processing chemical information increasingly rely on machine
learning, text mining, and scientific programming. In particular, tools are being developed for the
automated extraction and interpretation of knowledge from unstructured sources. Large language
models (LLMs) have been shown to be highly efficient in recognising chemical entities (Kumari et
al., 2025), extracting synthesis conditions (Shi et al., 2025), and automating the structuring of
synthetic protocols (Ai et al., 2024).

Rampal et al.'s (2024) work represents a step towards building comprehensive knowledge
bases for training Al systems to synthesise substances. These approaches are enhanced by
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specialised chemical language models, such as ChemLM, which have demonstrated a high level of
accuracy in predicting molecular properties (Kallergis et al., 2025).

Particular attention has been paid to constructing mathematical models and optimising
experimental conditions. For instance, Mahmood et al. (2025) demonstrate how the kernel ridge
regression method can be improved when applied to chemical datasets. Song and Sun (2025)
analyse the potential for local optimisation of reaction conditions using active learning and
Bayesian approaches. These efforts generally aim to reduce the amount of experimentation required
and increase its informativeness.

Integrating machine learning into the study of natural compounds (Shi et al., 2025) and the
structural analysis of texts (Schilling-Wilhelmi et al., 2025) highlights the transdisciplinary
potential of these methods. However, the interpretability, verifiability, and universalisation of
algorithms remain matters of debate, as discussed in Cooper's (2025) review of the Faraday
Discussion on data-driven chemistry.

Together, these studies emphasise the necessity of tools that combine the rigour of
mathematical modelling, the flexibility of the R statistical language, and the adaptability of modern
Al tools, which is the essence of the proposed PDDoE approach.

The present work aims at automating the construction and correctness checking of experiment
plans by the PDDoE method using the R programming language. It is based on both classical
approaches and the author's own developments, including publications and registered certificates of
authorship.

2. Materials and methods

The mathematical basis of the data processing procedure implemented in this work is based
on the classical publications of V.P. Malyshev (1981) and subsequent joint work with S.V. Belyaev.
These sources describe an approach based on the use of Latin squares for constructing orthogonal
plans of experiment, sampling values by factor levels, and obtaining partial dependencies with their
subsequent combination into a generalized multifactorial equation.

At the current stage of implementation of the methodology, the R environment of versions 4.4
and 4.5 was used. The main packages involved in the scripts are:

openxlsx - for working with Excel files, including experiment plan files;

dplyr and tidyr - for data transformation;

tcltk and shiny - for interactive interaction with the user;

base and stats - for basic calculations and approximation.

The experiment plans constructed from the literature data are stored in the Excel file
Plans.xIsx. However, the presence of Microsoft Excel on the user's computer is not required -
interaction with the files is performed through the openxlsx package. Adding new plans is possible
by simply extending the structure of the file, without changing the code of the scripts.

The development scripts were created in the RStudio environment version 2024.12.1. During
the development OpenAl ChatGPT v4o system is used, which provides automatic generation of
code blocks in R language and logic of their interaction by text description of necessary algorithms.
All final scripts were manually checked, finalized and debugged on real data.

The detailed processing algorithms, including the implementation of averaging functions,
construction of partial dependencies and selection of approximation models, are presented in the
next section.

3. Results
3.1. Implemented experiment plan templates

As a part of the development of the software tool, templates of experiment plans
corresponding to orthogonal Latin squares of various orders were implemented and tested. The raw
data on such plans were obtained from previously published sources (including Protodyakonov,
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Malyshev, and Belyaev) and adapted to an electronic format in the form of Excel spreadsheets. All
plan templates are stored in the user-accessible file Plans.xIsx.

At the time of this article, the following plans are implemented in the file:

3x2 plan, 3 factors, 2 levels, convenient for combining PDDoE with Box-Wilson type
methods;

4x3 plan;

5%4 plan;

the popular 6x5 plan, for six factors with five levels;

8x7 plan;

9x8 plan;

several test and auxiliary variants for debugging and experimentation.

Each of the plans is constructed with consideration of orthogonality conditions: each level of
one factor meets each level of the other factors once and only once. Validity of the plans is checked
automatically during loading and transformation. A validity checking mechanism is added in case
the user changes or adds plans.

The user can select any of the available plans or add a new one by saving it as a separate sheet
in the Plans.xlIsx file. No changes to the script code are required in this case.

When starting the script, the user is prompted to select a plan by entering its number (Fig. 1).

R - R45.0 - ~/R/DoE2/
The following objects are hidden from “package:stats™:

filter, Tlag
The following objects are hidden from “package:base”:
intersect, setdiff, setequal, union

[1] II3x2II "3X3" H4X3H ”4X4” “3X5” YIGXSH ”5X4“ II8X7II ”9X8”
Choose an experimental design

3x2
3x3
4x3
4x4
3x5
6x5
Ex4
: 8x7
: 9x8

OO~k wMnE

Choice:
Figure 1. Interface for selecting one of the available experiment plans when running the script in
the R console

After selecting a plan, the script automatically receives information about the number of
factors conceived by the experimenter and the number of levels of their variation.

3.2 Dialog for describing the results

The next step is to describe the results to be measured. The user is asked to specify how many
different results will be recorded in the experiment (e.g. element content, mass of residue, recovery
factor, etc.). For each result it is necessary to enter its designation, which will be used in tables and
formulas (Fig.2).

After that, for each result the number of repetitions is specified - how many times the
measurement will be performed for each combination of factors. Thus, the system forms a table

133



A.H. I'ymunes amuindazvt Eypasus yammutx ynusepcumeminit, xabapuivicol. Xumus. Ieozpagus. Drorozus cepuscol, 2025, 151(2)

structure, in which each result is represented as a set of columns by the number of repetitions (e.g.
Y1 Rep_1,Y1 Rep 2).

All dialogs are implemented in the interactive console of the R environment and do not
require a separate interface. If necessary, the script can be supplemented with a shiny-based user
interface, but at the current stage the focus is on providing the necessary functionality.

The requested information is used further to form the final experiment plan and further
processing of the results.

Selection: 4
How many different measurement results will there be? 2

Enter a designation for the result 1: As
Enter a designation for result 2: Ds

How many repetitions for result As? 3
How many repetitions for result Ds? 3

Fill in the Factors.xlsx table and save it. Press Enter to continue...

Figure 2. Dialog for describing the structure of measurement results in the R console interface

3.3. Filling the table with factors

At the next stage, the user needs to fill in the table Factors.xIsx, automatically generated by
the script. This table contains the names of factors, their symbols, types (N - normal, V - vacant),
and specific values for each level of variation (Fig.3). The "Label™ field contains the desired
designation of the factor in the formulas, and the "Dependence” field contains the numerical
designation of the type of approximating function (0" - automatic selection).

The file is opened and edited in an external table editor. Currently, this requires Microsoft
Excel or compatible software (LibreOffice, OnlyOffice, WPS Office, etc.). The possibility of
interacting with this table through the interface provided by R extensions has not been implemented
yet.

g5 Plansxlsx |85 Factors.xlsx

A B C D E F G H
1 Factor Label Type Dependence Levell Level2 Level3 Leveld
2 |Energy,ml E N 0 3.1 5.6 7 10
3 Temper.,,C T N 0 100 150 200 240
4 |Time, min t N 0 60 120 180 220
5 Vacant V \ 0 1 2 3 4
6

Figure 3. Example of completing the Factors.xIsx table with description of factors, their labels,
types and levels

3.4 Forming the working plan of the experiment

After loading information about factors and results, the script automatically generates the final
matrix of the experiment. During the generation process, the validity check is performed:

correspondence of levels to the number of factors;

automatic replacement of level numbers in the plan template with their values;

consistency of names and designations;

orthogonality of the plan.

If all conditions are met, the script generates a table that includes:

the ordinal number of the experiment;

combinations of factor levels;
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empty columns for entering experimental results for each repetition (Fig. 4).

The file is saved in Excel format and is ready to be filled in. The user can enter values at any
time and then proceed to data processing using the second script.

After completing the table, the user returns to the console and confirms the completion of
editing by pressing Enter. Then the data is loaded back into R and used to form the final experiment
plan with substitution of actual values of factors.

R -~ R45.0 - ~/R/DoE2/

Fill in the F;ctors.xisx fabie and save it. Press Enter to continue...
Verification of the correctness of factor levels in the final design...
Testing the orthogonality of factors...

The final plan is correct. You can start taking measurements. Fiil in the columns with the results and move on to the second script-for data
processing!
Experiment Energy, m] Temper., C Time, min Vacant As_Rep_1 As_Rep_2 As_Rep_3 Ds_Rep_1 Ds_Rep_2 Ds_Rep_3

1 EXp.# 1 3.1 100 60 1 NA NA NA NA NA NA
2 Exp.# 2 3.1 150 120 2 NA NA NA NA NA NA
3 EXp.# 3 3.1 200 180 3 NA NA NA NA NA NA
4 Exp.# 4 3.1 240 220 4 NA NA NA NA NA NA
5 EXp.# 5 5.6 100 120 3 NA NA NA NA NA NA
6 Exp.# 6 5.6 150 60 4 NA NA NA NA NA NA
7 EXp.# 7 5.6 200 220 1 NA NA NA NA NA NA
8 Exp.# 8 5.6 240 180 2 NA NA NA NA NA NA
9 EXp.# 9 7.0 100 180 4 NA NA NA NA NA NA
10 Exp.# 10 7.0 150 220 3 NA NA NA NA NA NA
11 Exp.# 11 7.0 200 60 2 NA NA NA NA NA NA
12 Exp.# 12 7.0 240 120 1 NA NA NA NA NA NA

Figure 4. Final view of the experiment plan generated automatically by the selected scheme

3.5 Processing a filled plan

After the user has entered the measured values into the corresponding columns of the plan, the
main data processing script (Partial2.R) can be run. This script automatically loads the table with
the results, checks the presence of all necessary data and immediately proceeds to the generation of
generalized models by searching possible combinations of partial dependencies. The user is not
offered to view the partial models separately - they are used in the background only for quality
assessment and selection.

Partial dependencies are formed by averaging values over the levels of the corresponding
factor. Three types of averaging are available so far:

arithmetic: X = (1/n) * Xx;;

geometric: x@) = (I1x;)(1/n), applies only for all positive values;

harmonic: Xy = n/ X(1/x:), also not applicable in the presence of zero and negative values.

The choice of averaging type can be made by the user or determined automatically by the
presence of corresponding columns in the table. If all three types of averages are present, the
comparison of models based on them is allowed.

Before averaging, the user can choose the way of working with repetitions:

simple averaging;

Cochrane homogeneity test with rejection of suspicious values and averaging.

For each partial dependence the selection of models from the set is performed:

linear function;

step dependence;

exponential,

logarithmic;

inverse;

extended forms of exponential and logistic approximation.

Dependences with integer degrees 2 and 3, as well as 1/2 and 1/3, are considered separately
from the stepped dependence with automatically fitted degree. Each model is characterized by
coefficients A, B (C if necessary), and evaluated by the metrics R?, RM, and tRM. In the first step,
the three best models per factor for each outcome are selected, prioritizing the physical (basic,
intrinsically linear) functions (linear, stepwise, exponential, logarithmic, hyperbolic, inverse). In the
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case of a two-level plan, only the linear approximation is used. If there are not three functions with
tRM > 2 among the basic ones, then interpolating functions are added to the set (polynomial of the
second (number of levels n>3) and third (n>4) orders, exponential-degree function). If n > 5,
logistic function can be used. A total of 15 approximating functions are implemented.

At the second stage, all possible combinations of the selected models are enumerated in order
to construct generalized dependencies. For each such combination the values are recalculated,
compared with the initial values, and the final values of R2, Rm, tRm for the generalized model are
calculated. Among them, those that satisfy the significance criterion (usually tRm > 2) are selected.

The results are stored in R environment variables and can be additionally exported, visualized
or analyzed by the user manually or by R tools.

3.6 Visualization and output of results

The script automatically generates a console report containing brief information on all results,
models built, values of quality metrics (R, Rm, tRm) and selected functions. The report allows the
user to immediately evaluate the success of the approximation and identify cases in which none of
the models passed the quality criteria.

A graphical comparison of experimental and calculated values (e.g., via ggplot2 or plot) can
be plotted for clarity. The user can also visualize distributions of residuals, comparison of different
models or the result of generalized approximation (Fig.5).

Comparison of experimental and calculated values

12 ® P
R?=0.884 7 o o
Rm = 0.900 P °
s
tRm =10.12 .2 °
10 ,9.’
wv - [ ]
] -8
= .
> [ J ,/,
D 8 e o
© -’e
= [ ] -,
o S
g .
6 /,’
® e
//
° - °
/’,.
4 - °
4 6 8 10 12

Experimental values
Figure 5. Visualization of comparison of experimental and computational models by means of R

The output can be saved in HTML, PNG or PDF format. Tables with model coefficients,
metrics and selected feature numbers are also saved, suitable for further analysis or inclusion in
reporting documentation.

3.7 Co-working with ChatGPT

The OpenAl ChatGPT artificial intelligence system was used extensively during the script
development process. Initially, the model had no built-in information about the methodology of
probabilistic-deterministic design of experiment, which required step-by-step additional training
based on the literature provided by the author (including the works of Protodyakonov, Malyshev,
and modern applied research).

Special attention was paid to correctly distinguishing the PDDoE from more popular methods
such as the classical DoE and Taguchi approaches. The model tended by default to substitute
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specific elements of the method for more widely known analogs. Gradual refinement and
refinement training allowed the model to stabilize its behavior and achieve meaningful dialogue on
a highly specialized topic.

Due to the limitations of the system architecture, there is currently no way to directly execute
the R code inside the model. This required external debugging of all proposed fragments manually
in the RStudio environment. Despite this, interaction with the language model significantly
accelerated the formation of the script structure, automation of template sections and development
of solution algorithms for all stages of data acquisition and processing by the PDDoE method.

4. Discussion

The choice of R language and environment for the implementation of the PDDoE method,
including the selection and filling of the plan, statistical processing of parallel measurement results
and automated selection of the generalized function by the maximum tRM, is explained by the
initial focus of the language on statistical data processing, the free distribution and cross-platform
nature of the environment, its popularity among scientists in the world. R, unlike “classical” PLs,
natively supports vectorized computations, which is very convenient when working with objects
like PDDoE plans.

The implemented algorithm allows the user without deep knowledge of mathematical
statistics or programming to obtain adequate models of dependence of experimental results on
factors. At the same time, the flexibility of the method characteristic for PDDoE is preserved: it is
possible to use plans of different dimensionality, different functions for approximation of partial
dependencies and averaging methods.

The presence of the mechanism of automatic model search and tRM filtering provides high
sensitivity of the method to the adequacy of approximation, while the use of physically interpretable
functions at the first stage makes the models not only statistically but also physically meaningful.

Compared to existing software solutions, the list of approximating functions has been
significantly expanded. If necessary, any known methods of approximation can be implemented in
the script.

One of the significant limitations of the current implementation is the lack of a full-fledged
user interface: interaction with the program is performed through the R console and external table
editors. This may be difficult for users without experience in the corresponding environment.
However, the structure of the code and the packages used make it possible to implement a graphical
interface in the future using shiny, golem or flexdashboard.

It also seems promising to add the calculation of dCor, Chatterjee's xi (see, e.g., Székely et al.,
2007 for dCor; Chatterjee, 2021 for xi), and other dependency metrics that may be useful in
problems with a large number of factors and weak linearity of the relationship.

The possibility of adapting the script for problems with specific constraints deserves special
attention: for example, in the presence of fixed groups of factors, composite variables (Fomin et al.,
2017; Fomin & Dik, 2015), or the need to interpret the result as a mixture of contributions. These
directions are under active development.

The author invites colleagues to discuss, criticize and jointly develop the tool, including in
terms of expanding the model library, adaptation to specific subject areas and integration with other
software tools for analyzing experimental data. The ultimate goal is to publish the scripts as an R
package in the official CRAN repository to promote the PDDoE method.

5. Conclusion

This paper describes a software tool for processing experimental data obtained using the
technique of probabilistic deterministic design of experiments (PDDoE). The implemented
algorithm allows to automate key stages: from the selection and generation of the experimental plan
to the construction of generalized models with the assessment of their quality.

137



A.H. I'ymunes amuindazvt Eypasus yammutx ynusepcumeminit, xabapuivicol. Xumus. Ieozpagus. Drorozus cepuscol, 2025, 151(2)

The principal features of the approach are the flexibility of the system, the preferred use of
physically interpretable functions in the approximation of partial dependencies, as well as the
automatic search of models according to the tRym metric to identify the best combination of partial
dependencies. The introduction of automatic processing and the possibility of adding new patterns
makes the tool suitable for a wide range of tasks in chemical-technological, physical-chemical and
other applied research.

The possibility of productive interaction with the ChatGPT artificial intelligence system is
shown, allowing to speed up the development without reducing the scientific validity of solutions.
The work is performed in the console environment R with preservation of maximum openness and
possibility of code modification.

The proposed tool is already used in laboratory practice, and its further development involves
expanding the model library, integrating additional metrics, and creating a user interface. The
results obtained can be useful both for researchers mastering or using the PDDoE method and for
teachers interested in its implementation in the educational process.
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R nporpammanay TiliHAe XUMHSJIBIK 3JKCIEPUMEHTTIH BIKTHMAJIBIK-
JAeTePMUHMPJIEHT €H KocapJiaybiH OaFaapjaMajibiK KaMTaMachI3 eTy

Burtanuii ®omun

Anparna. Makanaga R opTachlHAa BIKTUMAIIBIK-IETCPMUHUPIICHICH JKCIEPUMEHTTIK jKoOanay
(BIJIDXK) omiciMeH albIHFaH SKCIEPUMEHTTIK JEPEKTEPi OHICY alrOpUTMiHIH OarmapiamMalibik
iCKe achIpbUIybl YCBHIHBUIFAH.O3IpJCHIeH Kypajd HOTIDKEIep MEH aiHbIMaibl  (akTopiap
apachlHIAFbl JKEKE JKOHE JKajIbllaMa TOYSIIUNKTEPAl KaJbIITACTBIPYFa, OPTYpPJi eJImeMIi
YKOCTapiapIblH Ma0IOHIaphIH Ak AalaHyFa, )KYBIKTAY MOJIENIbICPIH TaHIay Ibl ABTOMATTAHIBIPYFa
KoHe oapAblH canachlH R* MeTpukackiHa, Rm CBI3BIKTBI eMec eceik Koppemsius KodQppuiueHTine
koHEe OHBIH tRMm MaHBBABUIBIFBIH Oaranmayra MyMKiHIIK Oepeni. Icke aceipy amram per R
opraceiHga openxlsx, dplyr, tcltk »xone Gacka makerTep apkbuibl OopbIHIANAbl. Opraria amyabiy
oprypii  omictepiHe  (apu(METHUKAIBIK, T'€OMETPUSIIBIK, TapMOHUSJIBIK), >KOCHApJIApIbIH
OpPTOTOHANBIBIIBIFBIH ~ aBTOMATTBI TYPAC TEKcepyre, (HU3WKAIBIK HETI3MEITeH IKYBIKTAY
GYHKIUSIIAPBIH TaHJIAY KOHE OachIMABIK Oepy apkbUibl tRv OoibIHIIIA MOJENbAEPAIH OACHIMIBIK
peiiTuHTricine Konmay kepcerineni. JKanmbutanFaH TeHACY €H JKOFapbl tRm MoHiIHE JKeTKeHie
MaHBI3/Ibl epeKiie (PpyHKUUAIapIblH KOMOMHALMATIAPBIH CaHAy apKbUIbl KypacThIpbuiaibl. JXKyiie
HOTWDKEINIEp/ll  BU3yalu3alusiaylbl, KecTeJepJi OKCIOPTTaydbl KaMTaMachl3 €Telll JKOHE
(GYHKIIMOHATABUIBIKTEI KEHEHTYre MYMKIHAIK OepeTiH MOAYNbIAIK apXUTeKTypara ue. TeHIIeneTiH
KOCTIap YITUIEPiH KYKTEyre, j)KaHa KOPCETKIIITEePAl KOHE TEHIIENETIH JXYbIKTay (YHKIUSIaphIH
KOCyFa, IilliHapa JKybIKTay (YHKUMSHBIH TYPIH JKOHE IKalIbUIAaHFaH TEHICYAl KOJIMEH
TaraiibIHAAYFa )KOHE HAKTHI IIOH aliMaKTapBIHBIH TallChIpMaiapbiHa OefiiMmaeyre 6omansl. Kypair ke
(bakToOpibl OKCHEPUMEHTTEPMEH JKYMBIC ICTEHTIH 3epTTeylIliepre, OKBITYIIbUIApFa >KOHE
WHXCHEpJIepre apHaliFaH, COHBIMEH KaTap FhUTBIMH KBI3METTE, XUMUS HHKCHEPUSCHIH/IA )KOHE OKY
Toxipubecinae KougaHbutybl MyMKiH. ChatGPT ynkeH Tinm yiarici KOATHI jkacay >KOHE JKOHJEY
Ke3iHAe TaiaamaHbpuUIIbl. XHWMHS JKOHE XUMUSIUIBIK TEXHOJIOTHS MOCEJeNIepiH Iemy YIIiH
KojjaHOanbl  Oarmapiamanayia TULNIK — MOAENBIl  MaigaiaHy  MYMKIHAIKTepl — KbICKalla
KapacThIPBLIAIbI.

TyiliiH ce3aep: SKCIEPUMEHTTIH BIKTUMAaIbI-IETEPMUHUPICHTEH >XKocmapiaybl; R; >KybIKray;
XUMUSIIBIK-TEXHOJIOTHSUTBIK, ITPOLIECTEP Il MOJIEIIBALY.

IIporpammuas peaju3aunus BE€POSITHOCTHO-1eTEPMHUHHPOBAHHOIO
IUVIAHMPOBAHNUSI XUMHMYECKOI0 JKCIiepuMenTa Ha R

Buranuii ®omuu

AHHOTaIUS. [Ipencrasnena porpamMmMHast peanu3anms anropuTMa 00paboTKu
OKCIIEPUMEHTAJIBHBIX JaHHBIX, NOJYYEHHBIX 10 METOJUKE BEPOATHOCTHO-AECTEPMUHUPOBAHHOTO
wianupoBanus skcnepumenta (B/AIID), B cpene R. Pa3pabGoTanHHBIf HHCTPYMEHT MO3BOJISIET
¢dbopmHpoBaTh YacTHbIE W OOOOIIEHHBIE 3aBUCUMOCTH MEXKIY pe3yJIbTaTaMd U BapbUPYEMbIMH
(dakTopaMu, UCMOIb30BaTh AOIOHBI TUIAHOB PA3IMYHON pa3MEPHOCTH, aBTOMAaTU3UPOBATh BHIOOP
MoJIeJIel anmpoKCUMAIMK U OLIEHUBATh UX Ka4yeCTBO MO MeTpuKaM R?, koa¢huimenTy HenuHeinHon
MHOXECTBEHHOM Koppemsiunn Rm m ero 3HaumMoctu tRm. Peanmzanmsi BnepBble BBINIOJIHEHA B
cpexne R ¢ ucnons3oBanneM naketoB openxlsx, dplyr, teltk u nqpyrux. Ilogaep:xuBarorcst pa3anyuHble
METOABl ycpeaHeHus (apu(pMETHUECKOe, TI'eOMETPUYECKOe, TapMOHHYECKOE), aBTOMaTHYeCcKas
IIPOBEPKAa OPTOrOHAIBHOCTU IUIAHOB, HPUOPUTETHOE pAaHXUpOBaHHE Mojeneil mo tRm ¢
BBICTICHUEM W TpuopHTe3anueil (u3ndecku OOOCHOBAHHBIX aNMPOKCUMUPYIOMUX (DYHKIUH.
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O06o00uIeHHOEe YpaBHEHUE CTPOUTCS METOIOM Iepedopa coueTaHWi 3HAUYMMBIX YACTHBIX (DYHKITHIA
10 AocTHXeHHsT MakcumyMma tRm. Cucrema oOecrieunBaeT BHU3yallM3allMI0 PE3yJbTaTOB, SKCIOPT
TaOJUI] U UMEET MOAYJIbHYIO apXUTEKTYPY, JOIYCKAIONIYI0 pacimupenne GyHknuoHana. Bosmoxxna
3arpy3Ka MoJb30BaTeIbCKUX IA0JOHOB IJIAHOB, 100ABIEHNUE HOBBIX METPHUK M I0JIb30BATEIbCKUX
aNMpPOKCUMUPYIOMUX (YHKIMIA, pyYHOE HA3HAYCHHE BUJIA allIIPOKCHMHPYIOIICH YaCTHON ()YHKITUU
U O00OOLICHHOTO ypaBHEHHMs, ajalTalys I0J 3aJaud KOHKPETHBIX IPEIMETHBIX O0JIaCTeH.
WMHCTpyMeHT mpenHazHadeH JAjsl UCCIeoBaTeNel, MpenoaaBareseil 1 MHKEHEPOB, paboTAIOIUX C
MHOIO()aKTOPHBIMU 3KCIIEPUMEHTAMH, U MOXET OBITh MCIIOJIb30BaH B HAy4YHOW JAEATENbHOCTH,
XMUMHAYECKOH TEXHOJOTHH M B 00pa3oBaTeNbHOU mpakTuke. bonbmas s3pikoBas monenbs ChatGPT
UCIOJb30BaJach Ha JTale reHepaluu U oTiaaaku koxaa. KpaTko oOCyxmaroTcsi BO3MOKHOCTH
HCIIOJIb30BaHUS SI3bIKOBOM MOJENU B IPUKJIAJHOM POrPpaMMHUPOBAHUM Ul PELICHUs 3a7ja4 XUMUU
Y XUMHYECKOM TEXHOJIOTHH.

KarueBbie cjoBa: BCPOATHOCTHO-ACTCPMHUHUPOBAHHOC IIJIAHUPOBAHHUEC OKCIICPHUMCHTA, R,
armpoKcumanus; MOACINPOBAHUEC XUMHUKO-TCXHOJIOT'MYCCKUX ITPOLECCOB.
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