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Abstract—Intelligent Internet of Things applications must
seamlessly combine established software engineering practices
with various machine learning (ML) and time series forecasting
techniques. However, most pipelines today rely on handwritten
code, which is error-prone and imposes a steep barrier for
domain specialists. Domain-specific modeling languages (DSMLs),
the backbone of model-driven engineering (MDE), address this
complexity by allowing developers to describe systems at a
high level, while tooling generates the executable code. To this
end, we introduce the ML2 family of DSML frameworks. ML2
converts concise Textula models into complete Python pipelines
for classification and regression ML models, autogenerating
every preprocessing, training, and prediction script. Building
on that foundation, ML2+ adds declarative, end-to-end support
for time series forecasting: users can select any statistical (e.g.,
ARIMA or ETS), machine learning ( e.g., SVR or XGBoost),
deep learning (e.g., LSTM or Transformer), or hybrid (e.g.,
Prophet) algorithms and specify key settings, such as lag length
or seasonality, without writing a single line of code. In addition,
ML2++ enhances both textual and graphical workflows by
providing an improved Textula editor alongside Sirius Web, an
IDE drag-and-drop graphical modeling environment, and real-
time dashboards; ML2++ automatically generates all relevant
plots, including loss curves, autocorrelation functions, and forecast
versus actual charts during preprocessing, training, and prediction
for both ML models and time series forecasters. We validated the
framework on two real-world cases, river flow forecasting and
server crash prediction, showing faster development, fewer errors,
and interpretable results compared to hand-coded workflows.
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I. INTRODUCTION

The rapid growth of the Internet of Things (IoT) has
resulted in a substantial increase in both the volume and
velocity of sensor-generated data, especially time-series data
[1]. In various IoT-driven applications, such as predictive
maintenance, anomaly detection, environmental monitoring,
and real-time optimization, accurate prediction of temporal
data is not only essential but often critical to mission success.
However, traditional methods for developing time-series models
are largely manual, necessitating precise setups, extensive
domain expertise, and repetitive debugging. Consequently, the
development process becomes protracted, prone to errors, and
frequently inaccessible to non-expert users [2], [3]. Recent
improvements in Model-Driven Engineering for the Internet
of Things (MDE4IoT) have shown potential in solving these
problems by focusing on creating high-level models instead of
getting into the details of implementation. A study by Naveed
et al. [4] found that MDE4ML methods can automatically
turn high-level software models into code and manage the
training, deployment, and maintenance of ML components,
which simplifies the process and speeds up development.
MDEA4IoT frameworks provide automated code generation and



behavior modeling, allowing developers to focus on building
modular and reusable models rather than writing complex
code [5]. This paradigm greatly improves the development,
consistency, and maintainability of intelligent and data-driven
IoT systems. The ML2+ framework, which builds on ML2 [6],
greatly improves the automation of tasks for predicting IoT
time series data [7]. By using a model-driven approach, ML2+
automated key tasks like preparing data, training time-series
models, and evaluating them, which made model development
more consistent and less reliant on manual work. Moreover,
ML2+ extends ML2 and also supports conventional ML models
for classification and regression, allowing users to specify both
static and temporal analytics within the same DSML. However,
ML2+ relied entirely on a textual domain-specific modeling
language (DSML), which, despite its flexibility, offered limited
usability. Specifically, it did not include real-time visualization
or interactive diagnostics, making it difficult for users to
observe model behavior, trace errors, or understand results
without extensive manual inspection. These limitations are
particularly critical in IoT environments, where rapid model
iteration, transparency, and interpretability are paramount. Both
developers and domain experts benefit from quick visual
feedback, tracking errors in real time, observing prediction pat-
terns, and analyzing residuals to detect problems and improve
models without delay. To overcome these barriers, this paper
proposes ML2++, a comprehensive enhancement of the ML2+
framework. ML2++ automates code generation and execution
of key stages (preprocessing, training, prediction, visualization);
model-specific parameters remain user-configurable for time
series forecasting while introducing several novel capabili-
ties. Most importantly, it includes an advanced visualization
module that generates diagnostic and performance plots using
widely adopted libraries such as Matplotlib and Plotly. Model
specifications automatically create these visual outputs, which
provide interactive real-time information on how well the
time series model is performing, how training is going, and
the relationships over time. This functionality significantly
simplifies the process of solving issues and adjusting settings.
ML2++ introduces a dual editing environment that includes
both a robust textual editor and a graphical editor developed
with Eclipse Sirius Web. This dual interface caters to a diverse
user base: the textual editor provides fine-grained control,
while the graphical editor enables intuitive drag-and-drop visual
modeling, making it accessible to non-programmers and domain
specialists. By facilitating seamless transitions between these
two modes, ML2++ enhances usability, minimizes configuration
errors, and accelerates the deployment pipeline. The remainder
of this paper is organized as follows. Section II reviews
related work on MDE4IoT and automated machine learning
frameworks. Section III introduces the extended domain models
and the overall architecture of ML2++. Section IV details
the metamodel and the dual-editing infrastructure. Section V
describes the functionalities of both the textual (Textula) and
graphical (Sirius-Web) editors. Section VI demonstrates the
capabilities of the framework through real-world use cases.
Finally, Section VII concludes the paper and discusses the

directions for future development.

II. RELATED WORK

Model-driven engineering (MDE) has increasingly been com-
bined with machine learning (ML) to tackle the complexities of
IoT systems, where automation, scalability, and interpretability
are paramount [8]. ML2 [9] pioneered this integration by
providing a domain-specific textual modeling language to
generate code for classical classification and regression tasks.
Its successor, ML2+ [7], added built-in support for time series
forecasting, e.g., models such as LSTM, ARIMA and Prophet,
and automated data preprocessing, training, and evaluation.
Despite these advances, ML2+ remained a textual tool, limiting
interactive analysis and real-time visualization. Various GUI-
based and code-centric platforms occupy the lower end of the
MBDE spectrum (as summarized in I). Libraries such as Tensor-
Flow/Keras [10], [11] offer unmatched deep learning flexibility
but place the entire pipeline in the user’s hands, requiring
custom scripts for data wrangling, model orchestration, and
deployment. Visual flow environments such as KNIME [12]
and RapidMiner [13] reduce boilerplate with drag-and-drop
workflows, yet they emit proprietary code fragments and
rely on extensions for forecasting. The interchange standards
PMML [14], ONNX [15], and PFA [16] focus on model
portability but do not execute pipelines or produce diagnostics.
Probabilistic toolkits such as Infer.NET [17] provide Bayesian
inference blocks in C# but still demand manual wiring of data
ingestion, model fitting, and result reporting. Together, these
tools illustrate a trade-off: high algorithmic expressiveness
at the cost of automation and end-to-end reproducibility. At
the other extreme, pure MDE platforms and cloud templates
emphasize metamodel-driven code generation, but omit analyt-
ics. ThingML/HEADS [18], [19] and p-Kevoree [20] deliver
high levels of automation and runtime adaptability for IoT
behaviors, yet leave forecasting and performance plots to
external frameworks. Similarly, Stratum [21] and SysML-
based CPS design tools [22] streamline infrastructure wiring
but do not generate training or visualization code. Textual
AutoML DSLs such as MDE-Forecast [23] simplify the time
series configuration with ARIMA and Prophet blocks but
delegate feature engineering and plotting to the user, limiting
immediate interpretability. None of the approaches surveyed
combines fully declarative DSML, dual editing modes, and
embedded real-time visualization. ML2++ framework addresses
this gap: it unifies the Textula textual DSL with a Sirius-Web
graphical canvas, automatically generates end-to-end Python
pipelines (preprocessing, training, forecasting), and injects Mat-
plotlib/Plotly plots directly from the model specification. Thus,
ML2++ delivers full automation, comprehensive time-series
(TS) support, strong MDE alignment, and high interpretability
in a single cohesive environment.

III. PROPOSED APPROACH

ML2++ extends the earlier ML2 [9] and ML2+ [7] frame-
works by (i) attaching explicit visual-analytics attributes to
every domain model and (ii) offering both textual (Textula)



TABLE I: Comparison of related frameworks for ML integration in MDE4IoT.

Framework Interaction Type Automation ML Support Time-Series MDE Interpretability| Code
Level Support Alignment Generation
TensorFlow/Keras  [10], | Code (Python) Manual Deep Learning No (Custom | No High (with ef-| No
[11] Only) fort)
KNIME/RapidMiner [12], | GUI (Visual Flow) Partial Classical + DL Limited (Plug- | Partial Medium Partial (Limited
[13] ins) Export)
PMML / ONNX /| Interchange Format None (Post- | Model Export | No N/A Low Format-Only
PFA [14], [15] Training) Only
Infer.NET [17] Code (C#) Partial Probabilistic ML | No No Medium Limited (C#
Only)
ThingML / HEADS [18], | Text + GUI (MDE) High N/A No Yes N/A Yes (IoT DSLs)
[19]
p-Kevoree [20] Models @Runtime High N/A No Yes N/A Runtime Models
GreyCat [24] Code + Model DSL | Medium Predictive Models | Partial Yes Medium No
MoSIoT [25] GUI (Scenario Model- | Medium Scenario-Level No Yes Low No
ing) ML
Stratum [21] Cloud Platform GUI | Medium Analytics No Partial Medium No
Pipelines
Model-based Design for | DSL + SysML Partial ML-in-the-loop No Yes Medium Not Specified
CPS [22]
MDE-Forecast [23] Textual Editor Partial AutoML (External | Yes (AutoML | Yes Low Config Only
Only) TS Configs)
ML2 (ML-Quadrat) [9], | Textual DSL Partial Supervised ML, | No Yes Medium Yes (Non-TS)
[26], [27] semi-supervised
ML, unsupervised
ML
ML2+ [7] Textual DSL High Supervised ML, | Yes Yes Medium Yes
semi-supervised
ML, unsupervised
ML, Time-Series
models
ML2++ Hybrid (Text + GUI) | Full Supervised ML, | Yes (Built-in) | Yes High (via | Yes (All Scripts)
semi-supervised plots)
ML, unsupervised
ML, Time-Series
models

and graphical (Sirius-Web) editors. We group the resulting
contributions into three parts:

1) Extended Standard-ML Domain Model

2) Extended Time-Series Domain Model

3) Smart Software Model (SSM) that unifies 1) and 2)

The paragraphs below explain the new metamodel elements,
code-generation rules, and automatic plot injection introduced
by ML2++.

1) Extended Standard-ML Domain Model: Building on

the ML2 schema of Moin et al. [9], we add a visual-analytics
component Vyr.:

DMy, = {ml | mi = (varp, Prrs ®arr,

HML;I]WL7VML(ml>)} ()

where

e v, — model architecture (e.g., Logistic Regression,
Decision Tree);

e Py, — model parameters (e.g., regularisation strength,
number of neurons);

o ®5;7 — input-feature set;

e Hjs; — training hyper-parameters (e.g., learning rate,
batch size);

e Ip;;, — metadata (e.g., author, version);

e Varr(ml) — new in ML2++; holds visual-analytics
attributes (e.g., prediction-vs-actual, learning curves) that
trigger automatic plot generation.

2) Extended Time-Series Domain Model: Starting from
the time-series specification introduced in ML2+ [7], ML2++
augments it with the analogous visual-analytics attribute Vpg:

DMyg = {ts | ts = (UTS7PTS,¢T57HTS7ITS,VTS(tS))}7
(2)
where

e Urg — time-series architecture (e.g., LSTM, ARIMA,
Prophet);

e Prs — model parameters (e.g., lag length, forecast steps,
seasonality);

o &7 — engineered time-series features;

e Hpg — training hyper-parameters;

e Ips — metadata (e.g., forecast horizon);

e Vpg(ts) — new in ML2++; governs forecast-vs-actual
plots, overfitting diagnostics, etc., automatically injected
into the generated scripts.

3) Smart Software Model (SSM): Following the integration
strategy of the earlier frameworks [7], [9], ML2++ combines
the two extended domain models as

SSM = (A, v, fB(DM](,[L,DM{S), C’) 3)

and thus propagates both analytics logic and visualisation
directives to code-generation time.
where

« A — annotations (e.g., external library references);
o U — structural elements (e.g., Things, Ports, Messages);



o C' — configuration settings;

 fp — behaviour-integration function that fuses DM,
and D M;yg into executable runtime behaviour and embeds
the corresponding visualisations automatically.

IV. ARCHITECTURE OF ML2++

ML2 ++ extends the ML2 + framework by adding new features to
the Data Analytics Modeling Language (DAML), including built-in
visualization tools in the metamodel and Xtext grammar, as well as two
ways to edit (text and graphics). This integration supports a seamless
and systematic management of visualizations, significantly improving
the interpretability and analytical clarity of the model compared to the
previous ML2+ framework. The architecture of ML2++ features clearly
defined visualization attributes within its metamodel. These attributes
categorize visualization features into various analytical steps, including
data preparation, prediction verification, future forecasting, and
overfitting analysis. By including these visualization features directly
in the grammar, ML2++ allows users to clearly define and control
how visualizations behave using attribute-based expressions, which is
an improvement over the keyword method used in ML2+. Table II
provides a detailed overview of the visualization attributes categorized
by their analytical functions, emphasizing their organized integration
into the ML2++ framework. This structured methodology promotes
flexibility, clarity, and user-friendliness in handling visualization tasks
within data analytics workflows.

TABLE II: Visualization attributes in ML2++ categorized by
analytical function.

Analytical Category Visualization Attributes

Pre-processing LinePlot, Histogram, BoxPlot, ScatterPlot, HeatMap,
AutoCorrelationPlot, LagPlot, ViolinPlot, Correlation-
MatrixPlot, PairPlot

Prediction Diagnostics PredictionVsActualPlot, ResidualsPlot, ErrorDistribu-
tionPlot, ConfidencelntervalsPlot, ConfusionMatrix-
Plot, RocCurvePlot, PrecisionRecallCurvePlot
ForecastVsActualPlot, ForecastErrorPlot, ForecastIn-
tervalsPlot

TrainingLossPlot, ValidationLossPlot, LearningCurve-
Plot, BiasVarianceTradeoffPlot

Forecast Horizon

Overfitting Analysis

V. BLENDED MODELLING ENVIRONMENTS

ML2++ offers two complementary user interfaces (Figure 1
and Figure 2 ) (i) the Textula textual editor and (ii) the Sirius
graphical editor for drag-and-drop modeling.

A. Textual Editor: Textula

Textula is the domain-specific textual environment first
released with ML2+ [7] and enhanced in ML2++. It provides
a rich language workbench that features syntax highlighting,
autocompletion, live metamodel validation, and snippet libraries
built on a concise DSL that supports deep learning, statistical,
and classical ML forecasters. Using this DSL, users can
clearly outline each step of an IoT time series pipeline, which
includes choosing data, preparing features (e.g., creating lag
windows, resampling, filling in missing values, and remov-
ing outliers), adjusting settings for the model, and defining
how to evaluate results, such as prediction outcomes and
performance measures (e.g., MSE and accuracy), as well as
detecting outliers, grouping data, and adding context notes.

This language allows for a comprehensive configuration of
the entire data analytics workflow, from data ingestion to
preprocessing, modeling, visualization, and evaluation, enabling
full automation and streamlined IoT time series forecasting.
Visualizations can be specified within the model itself, by
including plot configurations within the model. .. section
(see Listing 2) or by inserting a visualization. .. block
at the bottom of the Data Analytics section (see Listing ??)
to request preprocessing plots without writing Python. Within
Textula, six buttons streamline the workflow. The first button
saves the model as a .thingml file, which parses, validates,
and persists the EMF graph. The second button executes the
preprocessing script and immediately displays the resulting
plots inline. The third button invokes the Eclipse-created Xtend-
based code generator, packaged as the Java action compiler.
mlquadrat.compilers.registry-2.0.0-
SNAPSHOT-jar-with-dependencies. jar to produce
Python scripts for preprocessing, training, prediction, and
visualization. The fourth button downloads all generated scripts
as a ZIP archive. The fifth button compiles and runs either the
Java artifacts or the Python scripts in a sandbox, streaming
console output to the IDE. The sixth button runs the training
and prediction scripts to render forecasting plots such as loss
curves and ROC charts inline, providing immediate visual
feedback. Additionally, users can access the same Xtext-based
editor and code generation features through a browser at
https://ml2plusplus.jvmhost.net/, eliminating the need to install
Eclipse locally. A significant enhancement in ML2++ is the
embedded visualization layer, where any plot type listed in
the DSL is automatically converted into executable code. For
example:

Listing 1: Per-model plot configuration

visualization {

plots LINE_PLOT
}

The visualization block configures preprocessing
plots, such as line and histogram charts, which are generated
and displayed immediately when the preprocessing script is run.
In contrast, plots specified inside the model{. ..} section
focus on training and forecasting diagnostics (e.g., overfitting
and forecasting plots):

Listing 2: Per-model plot configuration

model {

overfitting plots TRAINING_LOSS,
forecasting_plots FORECAST_ERROR
}

Including such plot settings causes ML2++ to inject
the appropriate Matplotlib logic into DA_Preprocess.py,
DA_Train.py, and DA_Predict.py. Running these
scripts or clicking the plot buttons produces all requested
visualizations from preprocessing summaries to training and
forecasting diagnostics without manual coding.

B. Graphical Editor: Sirius-Web

Sirius Web [28] is a graphical studio that transforms a meta-
model into multiple interactive diagrams, ranging from standard
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property level : Int32

property temp : Int32

property wind_speed : Int32

property predctionl : Int32

property predction2 : Int32

property predction3 : Int32

data_analytics dal @dalib ‘keras-tensorflow’ { data { dataset "flow_dataset.csv"

model { autoML OFF algorithm MLP mlp ( ) training_results "data/training.txt" }
pvaluation { prediction_results predctionl ,
statechart FlowAnalyticsBehavior init Preprocess {
on entry print "Flow Analytics Started!\n"
state Preprocess {
on entry do
print "Flow Analytics: Data Preprocessing\n”
da_preprocess dal

transition -> Train

}
state Train {
on entry do
print "Flow Analytics: Training\n"
da_train dal
end
transition -> Ready

}
state Ready {
on entry print "Flow Analytics: Ready for Prediction\n"

Save Model

labels ON features level , temp , wind_speed output_features wind_speed timestamps ON common_period_threshold 10 }
preprocessing { } time_series { sequential TRUE steps 3 lag 20 multivariate ON supervised_learning ON }

predction2 , predction3 metrics MSE } visualization { plots LINE_PLOT } }

Show Forecasting Plots

Fig. 1: ML2++ Textula quick-start DSL editor.
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Fig. 2: ML2++ Sirius-Web graphical editor.

form-based interfaces to drag-and-drop visualizations. The
multiple viewpoints of ML2++ in Sirius-Web are implemented
to reflect the typical structure of a ThingML file created in a
text editor. The sources for the graphical editor are available on
GitHub [29]. A standard ThingML file is organized into three
main sections. The first section includes imports, fragments,
and datatype definitions, which are declared at the beginning
and referenced throughout the model. The second section
defines the “things” that represent communicating entities,
using the previously defined fragments and datatypes. The final
section, configuration, connects and configures these things
to form an executable model. If the ML2++ diagrams are
not preloaded in Sirius-Web, users can manually download
and import them into the editor. To begin, the user should
create a new project and a model based on the ThingML
grammar. From the model’s root element, two main graphical
views can be created: “Imports, Fragments, Messages” and
“Things Connections.” To create a view, the user selects the

root element in the tree structure, right-clicks, and chooses a
representation. It is recommended to start with the “Imports,
Fragments, Messages” view, which sets up the foundational
elements used in later stages. When a view is created, an empty
canvas is shown. Right-clicking on the canvas opens a context
menu whose options depend on the selected element. In the
“Imports, Fragments, Messages” view, users can create imports,
datatypes, and fragments. Right-clicking on a fragment provides
additional actions such as creating messages associated with
that fragment. Newly created elements appear on the canvas
with their graphical icons, and their attributes can be edited in
the property panel on the right. After defining the datatypes
and fragments, the user creates the second view, “Things
Connections.” This view is more complex and supports defining
things and their internal elements. Each thing may include
ports (which use predefined messages for communication),
variables, user-defined functions, behavior modeled through
statecharts, and data analytics components. The behavior of
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Fig. 3: ML2++ web-based modelling workflow: Adding the
Sirius-Web grammar to the editor
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Sirius-\Web
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Textula

Fig. 4: ML2++ web-based modelling workflow: Integration of
Sirius-Web for visual model editing

each thing is represented as a statechart diagram showing states
and transitions. The Data Analytics viewpoint provides a form-
based interface organized into several pages, corresponding to
different model elements in ML2++. Toward the end, this
interface presents buttons for adding DAML models such
as time-series forecasting or standard classification. When a
button is clicked, the corresponding model is instantiated and
connected to the analytics section. Each DAML model opens
its own form where users can edit the parameters specific to
that model type. Once all things are defined, users return to the
“Imports, Fragments, Messages” view to create a configuration
element. This final view links all defined things, specifying how
they are instantiated and connected. When the configuration
is complete, the user can download the model as an XML
file and proceed to the Sirius Orchestrator, a web platform
that transforms Sirius-based models into executable ThingML
code. The orchestrator allows users to upload their XML file
and download each step of the transformation, including the
final ZIP archive containing the full .thingml project. If
the user prefers to continue editing the model textually, the
generated .thingml file can be imported into the Textula
editor for further development. The overall process, from
graphical modeling to code generation and textual refinement,
is illustrated in Figures 3, 4, 5.

VI. EVALUATION

ML2++ has been validated using two IoT use cases: river
flow forecasting and Server Crash Prediction. These use cases
were chosen to highlight the ability of the framework to

p———=UJsing the Orchestrator

Login to the
Orchestrator

Select Project Select Sirius xml file

Upload File

Generate code:
converted xml file
converted .thingml file
thingmi project

Download converted .xmi file,
converted .thingm file,
project

Generate/download
visualizations

h
N

Exeucte/download Project
output

Fig. 5: ML2++ web-based modelling workflow: Integration of
the Sirius Orchestrator for visual code generation.

address time series regression tasks that require complex
temporal modeling and classification problems typical of
industrial monitoring. By comparing these two cases, one
from environmental monitoring and the other from IT op-
erations, we illustrate how ML2++ generalizes across diverse
datasets, supports a wide range of machine learning models,
and automates code/execution for preprocessing, training,
prediction, visualization; parameters remain user-configurable.
Although ML2++ was evaluated against hand-coded workflows
to highlight time and effort savings, a direct comparison with
other model-driven or AutoML tools was not performed due to
significant differences in their focus and level of integration. We
recognize this as a limitation and plan to include comparative
benchmarks against similar frameworks in future work.

Table III summarizes the essential characteristics of each
use case, highlighting their differences in data types, model
selection, and analytics workflows.

TABLE III: Comparison of ML2++ Use Cases

River Flow Forecasting

Aspect Server Crash Prediction

Domain

Target Variable
Use Case Type
Dataset

Model

Environmental monitoring
River discharge (continuous)
Time-series regression
Hydrological time series
LSTM (deep learning)

IT operations

Server status (ON/OFF)

Binary classification

IT telemetry metrics

Logistic regression (classical ML)

A. River Flow Forecasting

A river flow forecasting case study was previously im-
plemented and presented in our earlier work on the ML2+
framework [7]. In this paper, we build on that case study to
demonstrate the extended capabilities of ML2++, specifically its
automated visualization support and enhanced DSML workflow
integration. The original use case focused on predicting river



discharge at the target station Acude Ponte de Coimbra
(12G/01AE) using real-world multivariate datasets. Daily river
flow measurements were collected from multiple upstream
monitoring stations, including Albufeira da Aguieira (11H/01A),
Albufeira da Raiva (12H/01A), Albufeira de Fronhas (12I/01A),
and Acude Ponte de Coimbra itself. The dataset spans from
January 1, 1984, to November 18, 2024, and contains daily av-
erage effluent flow values (in m?/s) provided by the Portuguese
National Water Resources Information System (SNIRH) [30]
[31]. Each station transmits its data daily to a central server,
which is accessed by the DAML server. The workflow,
orchestrated by the DAML components in ML2++, automates
code generation and execution of key stages (preprocessing,
training, prediction, visualization); model-specific parameters
remain user configurable of the forecasting pipeline. The
preprocessing phase, handled by DA_Preprocess, prepares
the multivariate time series data by interpolating missing
values (up to 10 consecutive gaps), resampling based on a
common period threshold, and converting the dataset into a
supervised learning format using lagged features. These steps,
implemented via the Scikit-Learn library, are essential
for capturing temporal dependencies between stations. The
resulting dataset is divided into 80% for training and 20% for
testing, while preserving temporal order. Training is performed
using the DA_Train component, which applies an LSTM
model configured with 50 neurons, 50 training epochs, a batch
size of 16, L2 regularization (0.01), dropout (0.2), and the ReLU
activation function. The model is trained using the Keras library,
with Mean Squared Error (MSE) as the loss function. Following
training, the DA_Predict component generates forecasts for
the next three days at the target station. These values are
compared with a flood threshold of 150 m3 /s; if exceeded,
a flood alert is automatically triggered, supporting proactive
decision-making in flood risk management. In ML2++, this
same case study is re-evaluated to demonstrate its new visualiza-
tion capabilities. After executing the DSML model, the system
automatically generates Python scripts (preprocess.py,
train.py, and predict.py), as well as serialized data in
the pickles/ directory and visual outputs in the plots/
folder. see Listing 3 presents the instance of the ML2++
model used in this experiment, including the configuration for
training and visualization. Figure 6 shows the folder containing
the generated plot images, while Figure 7 displays examples
of the actual visualizations produced. These outputs include
time-series trend plots, common period alignment diagnostics,
overfitting curves (e.g., TRAINING_LOSS), and forecast-
versus-actual comparisons (e.g., FORECAST_VS_ACTUAL).
The plots are configured using the ML2++ visualization
block, where users specify plot types such as LINE_PLOT
and others (see Listing 3). These visualization features improve
transparency, support real-time model evaluation, and can be
integrated into dashboards or IoT services, thus demonstrating
seamless end-to-end automation in the forecasting pipeline.

Listing 3: Data Analytics section of the ML2++ model instance
used for the river flow forecasting case study.

data_analytics dal @dalib {

data {
dataset
features daily dischargel, discharge2, discharge3
output_features discharge2
timestamps ON
common_period_threshold 10
}
preprocessing { resample DAILY }
time_series { sequential TRUE steps 3 lag 20 multivariate
ON supervised_learning ON }
model {

Automl OFF
algorithm LSTM mylstm(
hidden_layer_sizes (90,90),
input_activation relu,
hidden_activation relu,
output_activation relu,
regularization L2,
dropout 0.2,
optimizer adam,
rate 0.001,
batch_size 32,
epochs 100,
metrics MSE,
early_stopping OFF,
overfitting_Plots TRAINING_LOSS,
forecasting_plots FORECAST_VS_ACTUAL
)
}
evaluation { prediction_results pl,
visualization { plots (LINE_PLOT) }
}

p2, p3 metrics MSE }

. . e e e

pickles plots predict.py preprocess train.py
py

Fig. 6: Generated plot files inside the plots/ directory after
running the ML2++ pipeline.

B. Server Crash Prediction

ML2++ was newly evaluated on a real-world server crash
prediction use case using a private industrial dataset of
operational telemetry data from Yurti¢i Kargo’s server fleet. The
telemetry data included key performance metrics such as CPU
usage, disk I/O, memory consumption, and network throughput.
These variables were recorded periodically to monitor server
health and assess risk of crash. The ML2++ pipeline proceeds
as follows. The original data set contained significant noise
and inconsistencies, some of which could not be automatically
resolved through default preprocessing in ML2++. Therefore,
we manually removed unneeded features, particularly those
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Fig. 7: Visual outputs: time series, overfitting loss, common-
period alignment, and forecast-vs-actual plots.




with constant values or no relevance to the binary classification
task (predicting server ON vs. OFF states). The missing
values were then addressed using median imputation, which
provided robustness against outliers. This cleaned dataset was
ingested by the DA_Preprocess component, which label-
encoded the server status (target variable), normalized all
numeric features using StandardScaler, and prepared
the dataset for modeling. An 80/20 split was applied to
divide the data into training and test sets, ensuring that the
temporal ordering of the telemetry records was preserved.
Training was performed using the DA_Train component,
which fit a logistic regression model using Scikit-learn. The
configuration included L2 regularization, a tolerance value
of 0.0001, inverse regularization strength C' = 1.0, the
1bfgs solver, and settings for fit_intercept=True and
intercept_scaling=1. This model was chosen because
of its simplicity, speed and strong interpretability in binary
classification tasks, making it well suited for operational
deployment in real-time systems. Training logs and model
weights were saved for reproducibility and traceability. Once
the model was trained, DA_Predict applied the logistic
regressor to incoming telemetry streams. The prediction output
indicated whether each server was expected to remain ON or
crash (classified as OFF) based on recent behavioral patterns.
If a server was predicted to crash, the system automatically
issued an alert to the operations team for proactive intervention.
Figures 8 and 9 illustrate the ML2++ workflow using the
Sirius-Web modeling interface. The former shows the graphical
selection and configuration of the Data Analytics model,
while the latter depicts the runtime execution flow integrating
DA_Preprocess, DA_Train, and DA_Predict. Some
plots and metrics will be generated. In this case, from our
preprocessing section, a heatmap will be generated showing
the relationship between features. For model evaluation, the
confusion matrix and the ROC curve were generated by
selecting these two variables in the DAML evaluation section.

C. Comparative Analysis

Across both use cases, ML2++ shows substantial improve-
ments in productivity and model quality compared to manual
implementations. The current evaluation involved a Ph.D. and
a Master’s student, both with computer science backgrounds
and moderate Python skills. They were familiar with the Sirius-
Web and Textula editors. While the results show strong gains
in development time and code reduction, we acknowledge
the need for broader testing with users from diverse and less
technical backgrounds. A larger-scale user study is planned
to address this. As summarized in Table IV, in the river flow
forecasting scenario, both manual and ML2++ pipelines yielded
identical Root Mean Square Errors (RMSEs) of 136,m>/s
at t + 0, 170,m%/s at t + 1, and 187,m?/s at ¢ + 2 confirming
that automation does not compromise accuracy. The Root
Mean Square Error (RMSE) [32] used throughout this paper

is computed as:

RMSE = 4

In terms of productivity, ML2++ reduced the development
time from 14 h (manual) to 3.5 h, although it requires a
224-line DSML model instance. In contrast, the equivalent
manually written Python code totaled just 87 lines. This
reflects the shift of boilerplate into the DSML template. Users
write a larger, structured model description once, and ML2++
automatically generates all the necessary Python scripts, rather
than hand-coding each preprocessing, training, and plotting
step. Despite the longer Textula model, its declarative layout
means that users focus on what they want: data sources,
features, algorithms, and visualizations, while ML2++ handles
how it is implemented, reducing mental overhead and error-
prone boilerplate. The Server Crash Prediction benchmark
further highlights ML2++’s graphical Sirius-Web editor and
its seamless integration into the modelling workflow. Here,
the primary metric was classification accuracy (ACC); The
Classification Accuracy (ACC) [33] used throughout this paper
is computed as:

Nsamples — 1

D

=0

. 1
accuracy (v, §) =

Nsamples
Both manual and ML2++ pipelines achieved an identical
accuracy of 77.9%, while development effort dropped from
5 h (manual) to 2 h (ML2++). The visual editor inevitably
produces more lines of .thingml code than a hand-crafted
textual model, 219 and 212 Lines of code (LOC) respectively,
yet the additional verbosity is largely aesthetic, introduced
by the code generator to preserve flexibility, rather than
functional. Consequently, even with longer generated .thingml
files, developer efficiency and end-to-end functionality are
markedly higher when using ML2++ because the overall LOC
written by the manual users is 502 compared to 219 for the
visual editor users.

TABLE IV: Comparison of manual vs. ML2++ implementations
for development time, code size, and predictive performance.

Use Case Time (h) LOC Metric’

Manual ~ ML2++ Manual ML2++ Manual ML2++
River-flow forecasting 14 3.5 224 87 136/170/187  136/170/187
Server-crash prediction. 5 2 502 219 77.9% 77.9%

T Regression: RMSE (t+0/t+1/t+2); classification: accuracy.

VII. CONCLUSION AND FUTURE WORK

ML2++ enhances ML2+ by introducing an automated visual
analytics framework that generates a comprehensive array
of graphs for various machine learning models, including
classification, regression, and clustering, as well as time series
forecasters (e.g., loss and learning curves, ROC and precision
recall, autocorrelation, forecast versus actual graphs, and more).
Coupled with dual editing capabilities offering both precise
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Fig. 8: Statechart view of the Server crash usecase
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Fig. 9: A section of the ML2++ Sirius-Web editor showing
tabs for server crash prediction setup.

Textula scripts and drag-and-drop Sirius Web diagrams, this
feature reduces iteration cycles, minimizes configuration errors,
reveals insights in real time, and slashes development time by
up to 70%. ML2++ now encompasses the entire model spec-
trum, featuring classical supervised learners, semi-supervised
and unsupervised algorithms, statistical forecasters, and deep

learning networks ranging from LSTM and GRU to Transform-

ers. ML2++ cuts development time (e.g., river flow: 14— 3.5 :
h) without loss in precision (identical RMSE / ACC). Validated

DSL pipelines reduce errors and auto-produce diagnostic plots, f

while deterministic code generation ensures reproducible results '
equivalent to handcoded workflows. Our roadmap advances :

along three converging tracks. Broader deployment will roll

out ML2++ across a broad spectrum of multivariate time
series data scenarios and validate multiple model instances
against both temporal and non-temporal datasets. The models
under evaluation will span the full spectrum of techniques, Fig. 10: Auto-generated diagnostics from ML2++: (a) correla-
including ARIMA / SARIMA, HoltWinters, Prophet, GRU, tion heatmap; (b) ROC curve with AUC; (c) confusion matrix.
LSTM, Transformer, Random Forest, XGBoost, KMeans,
DBSCAN, Gaussian Mixture, Logistic Regression, and Support
Vector Machines. Each configuration will be benchmarked
across classification, regression, clustering, anomaly detection,
and multistep forecasting pipelines, ensuring that statistical,
classical machine learning, and deep learning approaches are

(b) ROC curve with AUC

(c) Confusion matrix

compared on equal footing. Systematic user studies will employ
structured questionnaires to measure time efficiency, ease of
use, learning curve, code quality, maintainability, flexibility, and
overall satisfaction. Participants will include ML engineers,
data scientists, and domain experts with varying levels of



programming experience; metrics collected will consist of task
completion time, error rates, System Usability Scale scores, and
qualitative feedback. Iterative refinement will translate insights
from these studies into improvements such as context-aware
validation messages, enhanced model wizards, clearer tutorials,
and richer visual diagnostics. Together, these steps will ensure
that ML2++ continues to deliver a comprehensive suite of
plots for both ML and time series models while evolving into a
transparent, domain-agnostic, and highly user-friendly platform.
We will also include head-to-head comparisons with similar
approaches on public benchmarks.
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