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A B S T R A C T

DoExpert is a modular software platform for integrated experimental design, surrogate-assisted optimization, and 
decision support in manufacturing studies. The software supports the full workflow from problem definition and 
design of experiments to variable analysis, predictive modeling, multi-objective optimization, and multi-criteria 
ranking of candidate solutions. It is intended for research and engineering applications in which limited 
experimental budgets, competing objectives, and final preference-based solution selection must be handled 
within a single environment. In this article, DoExpert is presented as a workflow-oriented platform for repro
ducible and decision-aware manufacturing optimization, illustrated through a flat grinding case study.

Metadata

Nr Code metadata description Metadata
C1 Current code version v1.1
C2 Permanent link to code/repository 

used for this code version
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1. Motivation and significance

Manufacturing optimization increasingly depends on workflows that 
combine experimental design, predictive modeling, optimization, and 

decision support [1,2]. For example, in machining and finishing oper
ations, control variables (CVs) such as cutting speed, feed rate, and 
depth of cut affect multiple evaluation variables (EVs), including ma
terial removal rate, surface quality, tool wear, and energy consumption 
[3–6]. Because these relationships are often nonlinear, noisy, and 
interaction-dependent, direct analytical modeling is frequently insuffi
cient. As a result, manufacturing studies rely on data-driven workflows 
that integrate structured experimentation with surrogate-based predic
tion and numerical optimization [7–9].

Several methodological components are central to these studies. 
Design of Experiments (DoE) methods support efficient sampling of the 
design space, while surrogate models approximate process responses 
when experiments or simulations are costly [10–12]. Multi-objective 
optimization (MOO) algorithms are then used to identify trade-offs 
among conflicting objectives and generate Pareto-optimal alternatives 
[13,14]. However, Pareto fronts do not by themselves provide a final 
engineering decision [15–17]. In practice, decision support requires 
preference-based ranking through multi-criteria decision-making 
(MCDM) methods [18,19]. Although DoE, surrogate modeling, MOO, 
and MCDM are individually well established, they are commonly 
implemented through separate tools rather than through a single 
reproducible workflow.

This fragmentation remains a practical limitation in current research 
software. Users often combine programming libraries, spreadsheets, 
optimization packages, and commercial platforms to complete a single 
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study. Such toolchains are flexible, but they typically require substantial 
manual effort to connect data generation, preprocessing, model training, 
optimization, and final ranking in a consistent and reproducible way 
[20,21]. Optimization-focused frameworks often emphasize search al
gorithms while providing limited support for upstream experimental 
design or downstream decision analysis — for example, pymoo [22] 
provides a comprehensive collection of multi-objective algorithms but 
leaves experimental design, model management, and preference-based 
ranking to the user, while MCDM libraries such as pymcdm [23] 
address only the ranking stage. Commercial software may offer broader 
functionality, but it is often less transparent, less extensible, and less 
suitable for open academic reuse. Consequently, project-specific work
flows are frequently assembled manually, increasing implementation 
effort and reducing comparability across studies [24–27].

DoExpert was developed to address this gap. The software provides a 
modular platform for end-to-end manufacturing optimization by inte
grating experimental design, data handling, variable analysis, surrogate 
modeling, multi-objective optimization, and multi-criteria decision- 
making within a single environment. Its aim is not to replace established 
methods, but to make them easier to combine, compare, and reuse in a 
coherent study structure. In this sense, DoExpert is intended as research 
software that supports more reproducible and decision-aware optimi
zation studies rather than as a single-purpose optimization utility.

A typical use of DoExpert follows a sequential workflow. The user 
defines process and response variables, generates a DoE or imports an 

existing dataset, analyzes factor–response relationships, trains surrogate 
models, executes multi-objective optimization, and finally ranks Pareto- 
optimal solutions according to user-defined preferences. In the present 
work, this workflow is illustrated through a flat grinding case study. 
While the example is manufacturing-specific, the software architecture 
is designed for broader reuse in surrogate-assisted experimental opti
mization studies where model comparison, trade-off analysis, and final 
solution selection must be handled in an integrated way.

By providing a standardized path from study definition to final 
ranking, DoExpert supports more reproducible and comparable opti
mization research. The platform enables systematic evaluation of 
alternative modeling and optimization choices, facilitates analysis of 
ranking sensitivity to weighting assumptions and to the choice of 
ranking method, and reduces the practical burden associated with 
fragmented toolchains. These capabilities are relevant not only to 
manufacturing-process optimization, but also to broader experimental 
and data-driven studies that require integrated design, prediction, 
optimization, and decision support.

2. Software description

2.1. Software architecture

DoExpert is a modular, workflow-oriented software platform for 
surrogate-assisted optimization and decision support. Implemented in 
Python with a Streamlit-based graphical interface, it supports integrated 
study execution from problem setup to final solution ranking within a 
single environment.

As shown in Fig. 1, at the architectural level, DoExpert consists of 
four main components. The presentation layer manages user interaction, 
visualization, and navigation between modules. The workflow and state- 
management layer coordinates progression across the study and pre
serves variable definitions, selected models, and intermediate outputs. 
The analytical engine layer contains the computational modules for 
experimental design, variable analysis, surrogate modeling, predictive 
analysis, multi-objective optimization, and MCDM-based ranking. The 
data and persistence layer manages imported datasets, generated design 
tables, trained models, optimization settings, and exported results.

Since version 1.1, the analytical engine is distributed as an import
able, unit-tested Python package (doexpert) with dedicated modules for 
MCDM, Pareto, metrics, and DoE. The Streamlit application builds on 
top of this package, while the analytical modules remain reusable 
independently of the GUI and are covered by an automated test suite in 

Fig. 1. Layered software architecture of DoExpert.

Fig. 2. Workflow-oriented software functionality of DoExpert.
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continuous integration.
This structure supports both sequential use and iterative refinement. 

By maintaining a shared internal representation across modules, 
DoExpert reduces manual data transfer, improves workflow consistency, 
and supports extensibility.

2.2. Software functionalities

The principal functionalities of DoExpert follow the sequence of 
operations typically required in a surrogate-assisted optimization study. 
The software supports problem setup, experimental design, variable 
analysis, predictive modeling, multi-objective optimization, and final 
decision ranking within a shared workflow as shown in Fig. 2.

2.2.1. Problem definition
A study begins with specification of the CVs, EVs, and their admis

sible ranges. This stage establishes the internal problem structure used 
throughout the workflow and ensures consistent treatment of inputs and 
outputs in subsequent analysis. Control variables are defined with 
continuous admissible ranges (lower and upper bounds) or as categor
ical factors. For design generation, numeric CVs are discretized by the 
user into levels appropriate to the chosen design family; in the optimi
zation stage they are treated as continuous within their bounds, so 
candidate solutions are not restricted to the DoE levels (Section 2.3).

2.2.2. Experimental design
DoExpert supports the generation of datasets for screening, 

modeling, and optimization studies. Available design strategies include 
classical factorial and response-surface methods, together with 
screening-oriented and space-filling designs (the complete list of 
selectable design types is given in Table 1). This functionality allows the 
user to create a study matrix appropriate to the dimensionality of the 
problem and the available experimental budget. The software addi
tionally provides design recommendations derived from the number of 

factors, the configured levels, the study goal, and the available run 
budget.

2.2.3. Variable analysis
Once data are available, the software provides tools for initial 

interpretation of factor–response relationships. These include descrip
tive summaries, significance-oriented analysis, and sensitivity-oriented 
assessment. The purpose of this stage is to identify influential vari
ables and provide a statistical basis for later modeling and optimization.

2.2.4. Surrogate modeling
DoExpert supports adaptive surrogate-model construction through 

training, validation, and comparison of alternative predictive models. 
This stage enables expensive experimental or simulation-based re
sponses to be approximated by computationally efficient models, 
thereby supporting rapid evaluation of candidate process settings in 
later stages of the workflow. Ten regression families are available for 
comparison (Table 1); hyperparameters can be set manually per model 
or determined by automated tuning under a user-selected budget, and 
the best model per response is user-overridable. When new experimental 
data are acquired or existing data are cleaned, they can be re-imported 
at any stage of the workflow without redefining the problem, and the 
surrogate models can be re-trained on the updated dataset; the optimi
zation is then re-executed against the new models. This iterative 
refinement loop is user-initiated rather than automatic — the software 
does not yet detect model inadequacy and trigger re-training autono
mously — but the modular structure of the analytical engine means such 
automation can be added as a future extension without modifying the 
existing workflow stages.

2.2.5. Multi-objective optimization
After predictive models have been established, the user defines ob

jectives, constraints, and algorithm settings for multi-objective optimi
zation. DoExpert then generates non-dominated solutions that represent 
trade-offs among competing criteria. Because optimization is carried out 
on the surrogate-based problem representation, the software supports 
efficient exploration of candidate solutions without repeated direct 
experimentation. Nine evolutionary and swarm-based algorithms are 
selectable (Table 1), several executable within one study for compari
son; Pareto-front quality is reported through hypervolume, spacing, and 
extent indicators.

2.2.6. MCDM-based ranking and selection
The final stage addresses decision-making after optimization. Since 

Pareto-optimal solutions do not by themselves define a preferred oper
ating point, DoExpert provides ranking and selection based on multi- 
criteria decision-making principles. At this stage, the user introduces 
weighting preferences and evaluates candidate solutions according to 
structured ranking procedures. Because ranking outcomes are known to 
be sensitive to the choice of MCDM method [18,19], DoExpert exposes 
six methods through a unified interface — TOPSIS, VIKOR, PROM
ETHEE II, SAW, WASPAS, and Fuzzy TOPSIS — implemented natively in 
the doexpert.mcdm module with a common score convention. A 
cross-method comparison view reports the top-ranked solution under 
every method together with a Spearman rank-correlation matrix, 
allowing the user to assess the stability of the recommendation. This 
functionality connects trade-off analysis to actionable decision support 
and makes the resulting study outputs easier to interpret and reuse.

2.3. Scope of user-configurable functionality

Table 1 summarizes what a user can and cannot configure at each 
workflow stage. Within every stage the user selects among implemented 
methods and sets their parameters but cannot inject external algorithms 
through the GUI; programmatic users can extend the doexpert package 
directly. Optimization algorithms are tunable (population size, 

Table 1 
Scope of user-configurable functionality in DoExpert v1.1.

Stage Selectable methods / options Configurable parameters; fixed 
elements

Problem 
definition

Numeric (continuous 
bounds) or categorical CVs; 
multiple EVs

Bounds, levels, units per 
variable; internal data model 
fixed

Experimental 
design

Full Factorial; Taguchi 
Orthogonal Arrays (L4–L81, 
incl. mixed-level); Fractional 
Factorial; Box-Behnken; 
Central Composite; Latin 
Hypercube; D-Optimal; 
Plackett-Burman; Sobol; 
Halton

Levels, run counts, center 
points, design variants; design- 
construction algorithms fixed

Variable analysis Descriptive statistics; 
ANOVA (main effects, two- 
way interactions); main- 
effects analysis

Response/factor selection, 
significance level; statistical 
backends fixed

Surrogate 
modeling

Random Forest; Gradient 
Boosting; Extra Trees; SVM; 
MLP Neural Network; 
Gaussian Process; Ridge; 
Lasso; Linear Regression; 
XGBoost (optional)

Manual hyperparameters per 
model, or automated tuning 
with fast/balanced/thorough 
budgets; final model per EV 
user-overridable

Multi-objective 
optimization

NSGA-II; NSGA-III; MOEA/ 
D; GDE3/MODE; AGE- 
MOEA; OMOPSO; SPEA2; 
RVEA; SMS-EMOA

Objective directions, 
constraints, population size, 
generations, algorithm-specific 
parameters; CV bounds 
editable; CVs searched as 
continuous

MCDM ranking TOPSIS; VIKOR; 
PROMETHEE II; SAW; 
WASPAS; Fuzzy TOPSIS; 
cross-method comparison

Objective weights; method 
parameters (v, λ, α); score 
convention fixed (higher is 
better)
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Fig. 3. DoE-based setup of the flat grinding study in DoExpert (Screenshot of the application GUI) (a) definition of control variables with levels and bounds, (b) 
design-type selection and Taguchi orthogonal-array generation, and (c) editable design table populated with the experimental response values.
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generations, algorithm-specific parameters), whereas the variable- 
analysis backends are fixed implementations whose scope is config
urable. Numeric CVs are defined over continuous ranges, discretized 
into levels only for DoE generation, and searched as continuous within 
their bounds during optimization. A full description is given in the user 
guide (docs/USER_GUIDE.md).

2.4. User interaction and degree of automation

DoExpert is an interactive decision-support platform rather than a 
fully automated optimizer. Interaction is unavoidable where domain 
knowledge or preferences enter — problem definition, entry of 
measured responses, and objective-weight assignment in the MCDM 
stage — but optional where automatic defaults exist, such as design 

Table 2 
Control and evaluation variables used in the flat grinding illustrative example.

Variable type Symbol / 
name

Unit Configured levels / 
values

Control variable vc m/s 20, 30
Control variable ae µm 50, 200
Control variable vw mm/min 250, 1000
Control variable qd – 0.7, 0.9
Control variable Ud – 2, 4
Evaluation 

variable
Ra µm Measured response

Evaluation 
variable

Fn N Measured response

Evaluation 
variable

MRR mm³/ 
mm⋅min

Measured response

Fig. 4. Variable analysis and surrogate modeling modules in DoExpert (Screenshot of the application GUI) (a) ANOVA / variable analysis (b) model comparison / 
surrogate selection.
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recommendations, best-model selection, and adaptive optimization pa
rameters. Full automation of the remaining stages is difficult in principle 
since problem definition and preference weighting cannot be inferred 
from data alone; the modular structure nevertheless allows incremental 
automation (e.g., programmatic weight sweeps) without removing the 
user from decisions that require judgment.

3. Illustrative examples

3.1. DoE-based setup of the flat grinding case study

To illustrate the workflow of DoExpert, a flat grinding case study was 
used. The example involves multiple controllable CVs and multiple EVs, 
making it suitable for demonstrating integrated experimental design, 
modeling, optimization, and decision support. The complete dataset of 
this case study, with reproduction instructions, is distributed with the 
repository (examples/flat_grinding_L8.csv), so that the results in this 
section can be reproduced.

In the DoE setup stage, it is possible to select the number and levels of 
CVs and EVs. As shown in Fig. 3(a), for this case study, five control 
variables were defined in the DoE setup stage: grinding wheel speed (vc), 
depth of cut (ae), workpiece feed rate (vw), and dressing speed ratio (qd) 
and overlap ratio (Ud). Three evaluation variables were specified as 
responses: surface roughness (Ra), normal grinding force (Fn), and ma
terial removal rate (MRR). The variables, units, and configured levels 
are listed in Table 2.

After variable definition, DoExpert was used to select an appropriate 
experimental design. From the available DoE designs showed in Fig. 3
(b), a Taguchi orthogonal-array strategy was adopted, and an L8 design 
with eight runs was generated within the application. The resulting 
design table was then populated with the measured flat grinding re
sponses. In this example, the response values were entered directly into 
the editable DoE table (Fig. 3(c)), although the software also supports 
subsequent data import and cleaning through the data-handling stage.

3.2. Variable analysis and adaptive surrogate modeling of the test dataset

After the DoE table had been populated with the flat grinding re
sponses, the data were examined in the Variable Analysis module of 
DoExpert. This stage is intended to help the user inspect factor–response 
relationships before surrogate-model training and optimization. In its 

current implementation, the module supports several complementary 
views, including descriptive statistics, ANOVA-based significance 
testing, and main-effects analysis. In the present example (Fig. 4(a)), the 
ANOVA view is used to illustrate how the software summarizes factor 
significance for a selected response variable.

For the present case study, in the application Ra was selected as the 
response for ANOVA-based analysis. Using main effects together with 
selected two-way interactions, for example the software indicated that 
qd and Ud were statistically significant for Ra. In terms of effect size, qd 
showed a medium effect, whereas Ud showed a large effect. These 
example outputs indicate that, within the current design range, the 
roughness response is influenced more strongly by significant variables.

In workflow terms, this stage provides a statistical basis for the next 
step rather than a final result on its own. The software helps the user 
identify influential variables, inspect effect strength, and decide which 
response relationships deserve closer attention during surrogate-model 
construction.

The surrogate modeling module in the platform is used to train 
predictive models from the experimental data so that later stages can 
operate on computationally efficient approximations rather than 
repeated physical trials. In its current form, the module performs data- 
readiness checks, supports multiple regression algorithms, and allows 
comparison between default and auto-tuned configurations.

In the present example, the module was used to compare candidate 
models for the three evaluation variables and to select one final surro
gate per response for downstream prediction and optimization. As 
illustrated in Fig. 4(b), the GUI provides a model-comparison table 
together with the selected final models for the flat grinding study. For 
this example, Gradient Boosting was selected for Ra, while Extra Trees 
was selected for Fn and the material removal rate (MRR). In the appli
cation workflow, this stage therefore provides the model base used in 
the subsequent predictive-analysis and optimization modules.

3.3. Forward predictive analysis

The Predictive Analysis module of DoExpert provides an interactive 
forward-analysis environment in which user-defined control-variable 
values are mapped to predicted evaluation-variable responses. It sup
ports what-if exploration before formal optimization. When trained 
surrogate models and the associated preprocessing objects are available, 
prediction is performed through the selected models; otherwise, the 

Fig. 5. Screenshot of the DoExpert application GUI showing the Predictive Analysis section of the flat grinding study.
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Fig. 6. Screenshot of the DoExpert application GUI showing Integrated optimization and decision-making stages: (a) configuration of the optimization algorithm and 
adaptive search parameters; (b) assignment of evaluation variables as optimization objectives and summary of the resulting candidate and Pareto-optimal solutions; 
(c) MCDM-based weighting setup and ranking of Pareto-optimal alternatives.
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software uses an interpolation-based fallback.
In the flat grinding example, the module was used in surrogate-based 

mode with the final models selected in the previous stage. As shown in 
Fig. 5, the user entered a candidate set of grinding parameters, and the 
software returned the predicted values of Ra, Fn, and MRR. The interface 
also reports the observed minimum and maximum values of each eval
uation variable in the dataset, allowing quick comparison with the 
experimental range. The predicted point can also be retained and reused 
as a reference in the subsequent optimization stage.

3.4. Multi-objective optimization and MCDM-based selection

The Multi-Objective Optimization module formulates and solves the 
surrogate-assisted optimization problem after predictive models have 
been established. It allows the user to select algorithms, define objective 
directions, specify constraints, and generate non-dominated candidate 
solutions.

As illustrated in Fig. 6, the module integrates algorithm configura
tion, objective assignment, and solution-set generation within a single 
interface. In the flat grinding example, NSGA-II and NSGA-III were used 
with adaptive settings for population size and number of generations 
(Fig. 6(a)). Ra, Fn were defined as minimization objectives, whereas MRR 
was defined as a maximization objective (Fig. 6(b)). At execution level, 
each candidate control-variable vector was evaluated through the 
trained surrogate models, with objective directions internally converted 
where required for compatibility with the optimization engine and 
restored after the search was completed. The module then generated the 
candidate solution set, identified the Pareto-optimal subset, and sum
marized the results in tabular form for downstream decision analysis 
(Fig. 6(b)). The MCDM Analysis module provides the final decision- 
making stage after multi-objective optimization. Its purpose is to rank 
Pareto-optimal alternatives according to user-defined objective prefer
ences and identify a preferred solution for implementation or further 
validation.

In this example, the module was applied to the Pareto-optimal so
lutions generated in the previous stage. As shown in Fig. 6(c), the 
interface displays the available alternatives, supports objective-weight 
assignment, and reports the top-ranked solution together with its 
control-variable settings and response values. In the illustrated config
uration, Ra and Fn were treated as minimization objectives, whereas 
MRR was treated as a maximization objective. Ranking was performed 
using TOPSIS as a representative method, selected from the six available 
MCDM methods described in Section 2.2.6; the cross-method compari
son view can be used to verify whether the recommended operating 
condition is stable when the ranking method is varied, enabling selec
tion of one preferred operating condition from the non-dominated 
alternatives.

4. Impact

The main impact of DoExpert lies in enabling manufacturing opti
mization studies to be conducted within a single integrated workflow 
that combines design of experiments, variable analysis, surrogate 
modeling, multi-objective optimization, and multi-criteria decision 
making. This integration makes it easier to investigate questions that are 
difficult to address in fragmented toolchains, such as how design strat
egy affects surrogate-model quality, how surrogate-model choice in
fluences Pareto-optimal solutions, and how final recommendations 
depend on weighting and ranking assumptions. In this sense, DoExpert 
supports research on decision-aware optimization rather than only on 
isolated modeling or search tasks.

DoExpert also advances existing manufacturing research by reducing 
workflow fragmentation. In conventional practice, experiment plan
ning, data preparation, statistical analysis, machine-learning model 
training, optimization, and Pareto ranking are often distributed across 
separate scripts, spreadsheets, and software packages. This separation 

increases the risk of inconsistency in variable definitions, objective di
rections, data transformations, and ranking assumptions. By contrast, 
DoExpert preserves these stages within one coherent study structure, 
improving traceability and methodological consistency. The main 
workflow-level differences between a conventional fragmented 
approach and the DoExpert workflow are summarized in Table 3.

To substantiate the claim that DoExpert addresses a gap left by 
existing software, Table 4 compares DoExpert with representative 
existing tools. Optimization libraries such as pymoo [22] — used by 
DoExpert as its MOO backend — provide no DoE, surrogate manage
ment, or decision-ranking layer; MCDM libraries such as pymcdm [23] 
cover only the final ranking stage. Research frameworks such as Open
Box [20], RCE [21], and Dakota [28] target black-box or 
simulation-based optimization and none integrates MCDM-based post-
Pareto selection. Commercial platforms offer broader coverage but are 
closed source. To our knowledge, no open-source tool combines guided 
DoE, comparative surrogate modeling, multi-algorithm MOO, and 
multi-method MCDM ranking in a single graphical workflow — the 
specific gap DoExpert addresses.

From a practical perspective, the software reduces the manual co
ordination required between analytical stages. Instead of repeatedly 
exporting, restructuring, and re-importing intermediate results across 
different environments, the user can move from problem setup to ranked 
candidate solutions within one application. This is particularly useful for 
researchers and engineers who do not want to maintain separate 
workflows for experimental design, surrogate modeling, optimization, 
and post-Pareto decision analysis.

At the present stage, DoExpert should be regarded as a research- 
grade platform with demonstrated applicability in the flat grinding 
case presented in this paper. Its current impact therefore remains 
focused on workflow integration, reproducible study execution, and 
research utility. To support reuse and verification by other researchers, 
the repository accompanying this version provides the analytical engine 
as an importable package with unit tests executed in continuous inte
gration, developer documentation (user guide and API reference), the 
case-study dataset, and installation through the Python Package Index. 
Overall, the contribution of DoExpert lies less in proposing a new opti
mization algorithm than in making optimization studies more inte
grated, reproducible, and decision-aware.

5. Conclusions

This paper presented DoExpert, a workflow-oriented software plat
form for manufacturing optimization and decision support. The software 
integrates design of experiments, variable analysis, surrogate modeling, 
predictive analysis, multi-objective optimization, and multi-criteria 
decision making within a unified environment. The flat grinding 
example demonstrated how DoExpert can support the full study work
flow, from variable definition and DoE generation to surrogate-assisted 
optimization and final ranked solution selection. In this way, the soft
ware supports not only trade-off analysis but also the transition from 
optimization results to actionable engineering decisions. Overall, 
DoExpert is intended as a research-grade platform for more integrated, 

Table 3 
Comparison between a conventional fragmented workflow and the DoExpert 
workflow for manufacturing optimization studies.

Aspect Conventional DoExpert

Experimental design Separate tools / manual Integrated
Data preparation Spreadsheets / scripts Workflow-based
Variable analysis Separate from modeling Linked to modeling
Surrogate comparison Manual, library-specific Unified comparison
MOO execution External packages Integrated
MCDM ranking External post-processing Integrated
Reproducibility Fragmented traceability Shared study structure
Stage transition Manual result transfer Direct reuse
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reproducible, and decision-aware optimization studies. Future devel
opment will focus on broader validation across additional process clas
ses, automated surrogate-adequacy diagnostics and closed-loop 
adaptive sampling (Section 2.4), quantitative benchmarking against 
alternative platforms, and extension of the available analytical and 
decision-support capabilities.
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