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Abstract: This paper proposes SynergyAl, an Al-human pair programming tool that rep-
resents predictive models as dataflows composed of Al input, and output nodes. By
visualizing decision tree models and integrating them with dataflow diagrams, SynergyAl
effectively addresses the machine learning black-box problem. Additionally, the tool lever-
ages comprehensive prediction algorithms and ensemble learning to simplify the operation
of complex dataflows and mitigate overfitting risks. SynergyAl also features an Al assis-
tant that utilizes scatter plot matrices and data correlation analysis to help programmers
select data and optimize model structures. Experimental results demonstrate that, through
human-AI collaboration, SynergyAl achieved an accuracy of 85% in predicting mechanical
failures in a chocolate factory, providing an efficient and powerful tool for programming
and data analysis.

Keywords: data flow; decision tree; human—Al collaboration; explainability

1. Introduction

Al (Artificial Intelligence) technology is now widely used in fields such as medical
diagnostics and customer service. For example, Al-based image recognition helps detect
cancer cells [1], and natural language processing powers chatbots for customer service and
translation apps for real-time multilingual conversion [2]. Many companies are integrating
Al to improve office tasks, enhancing work efficiency and quality. However, the black-box
problem [3] in machine learning challenges model explainability and accuracy verification.
This lack of transparency can lead to untraceable accountability when Al is relied upon for
critical decisions [4]. For instance, autonomous vehicles may fail in complex or adverse
conditions, posing safety hazards [5]. Additionally, black-box models may misjudge
conflicting data, leading to cumulative errors and ethical concerns.

Existing white-box models aim to enhance transparency but rely on manual data
collection and training, leading to trial-and-error processes and resource wastage [6,7].
Therefore, how to improve development efficiency and reduce resource waste while main-
taining model explainability has become an urgent issue. To address this, we propose
SynergyAl 2024 (hereinafter referred to as SynergyAl). The primary goal of SynergyAl is to
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facilitate collaboration between humans and Al, while its secondary goal is to achieve Al
model explainability [8]. To address these issues, we developed an AI model-building tool
focused on explainability and human-AlI collaboration to improve transparency and user
trust, thereby driving further Al development.

SynergyAl distinguishes itself by enabling the construction of complex white-box
models while incorporating an Al assistant that aids users in selecting relevant data,
refining model structures, and optimizing performance, bridging the gap between Al
automation and human interpretability.

Drawing on large-scale research [9] into the usability of Al programming assistants,
our tool design centers on how users interact with Al and addresses the need for inter-
pretability and transparency. To enhance users’ understanding and trust in the system,
we have incorporated two key features: first, we generate structure modification sug-
gestions for user-designed models based on correlation coefficients, helping to rapidly
build and iterate complex models; second, we adopt a white-box design that allows users
to view each input, output, and the Al's decision-making process in real time. The for-
mer significantly improves model design efficiency, while the latter effectively responds
to the emphasized requirements for transparency and control, enabling users to lever-
age Al-generated recommendations while fully overseeing the model’s final outputs and
decision logic.

The purpose of this study is to optimize and expand the human-AI pair programming
model proposed by Zhang et al. [10], resulting in the development of SynergyAl. This
web application improves model interpretability, enhances Al assistant functionalities,
and boosts performance. This study addresses the black-box problem in traditional Al
models while improving predictive model efficiency through algorithm optimization and
dataflow design.

To enhance model interpretability, Synergy Al integrates visual dataflow representa-
tions with decision tree models. Unlike traditional Al tools that rely on opaque neural
networks, SynergyAl decomposes predictive models into modular components, allowing
users to trace decision pathways and understand model behavior more intuitively. Addi-
tionally, by incorporating ensemble learning techniques, Synergy Al mitigates overfitting
risks and enhances model reliability.

The Al assistant in SynergyAl plays a crucial role in improving user experience and
model performance. It includes the following:

®  Scatter Plot Matrices and Correlation Analysis: assists in feature selection by high-
lighting relationships between variables.

¢ Automated Hyperparameter Tuning: suggests optimal configurations to enhance
model efficiency.

¢  Dataflow Optimization Suggestions: recommends adjustments to improve model
accuracy and stability.

By introducing transparent dataflow models and intelligent Al assistance, SynergyAl
effectively tackles complex social issues and IoT challenges, enhancing decision-making,
production efficiency, and model reliability. Ultimately, this study contributes to efficient
human-AI collaboration, model optimization, and the practical application of AL

The structure of this paper is as follows. Section 2 discusses the difficulties in Al
programming, including the black-box problem, high trial-and-error costs, and the lack
of human-AlI collaboration. Section 3 introduces the concept of SynergyAl, providing
detailed explanations of its dataflow design, frontend and backend development, mod-
ularization, and ensemble learning functionalities. Section 4 describes the Al assistant
in SynergyAl, explaining how it helps users optimize data selection, improve dataflow
structures, and enhance the performance of decision tree models, thereby facilitating more
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efficient human—AlI collaboration. Together, Sections 3 and 4 illustrate how SynergyAl
addresses the challenges presented in Section 2. Section 5 presents application examples,
using chocolate factory mechanical failure prediction as a case study to demonstrate the
effectiveness of SynergyAl in real-world scenarios. Section 6 concludes this paper by
summarizing SynergyAl’s contributions and its potential impact on Al model development
and practical applications.

2. Al Programming and Its Difficulties
2.1. Related Work

This chapter presents related research on the issues discussed in Section 1, including
model explainability, trial and error in design, and the lack of human-AI collaboration [11].

(A) Human Programming Model

Many pre-trained machine learning models exist. For example, Krizhevsky et al. [12]
achieved remarkable results in the ImageNet competition, laying the foundation for deep
learning in image classification. However, due to their complexity, these models are
often regarded as black boxes, lacking explainability and transparency. Humans can use
these models to select input data and obtain results, but the underlying mechanisms
remain opaque.

Humans can also employ Al programming to train and create prediction models, but
this process is time-consuming and requires gathering relevant data [13]. Additionally,
humans often struggle to identify correlations between data, making model optimization
challenging. These issues are summarized as the black-box problem, trial and error, and
redundant data.

(B) Human—AI Programming Model

To address challenges like trial and error [14] and redundant data [15] , we adopt
human-machine interaction principles in building our Al model. We draw upon
Scibilia et al.’s work [16], which emphasizes mimicking human control behavior in human-
machine interaction. Zhang et al. [10] proposed a dataflow design tool for IoT systems
(Figure 1), where Al analyzes models built by humans and provides modification advice,
combining human experience with Al analysis.

Real |
World | @

Human Programmer

Program Net
(dataflow)

Program Net
| (dataflow)

h 4

Analysis

'@' Al Programmer

Figure 1. Human—-AI model from Zhang et al. [10].

Building on this model, we developed SynergyAI 2023 [17], a visualization tool that
enhances human-Al collaboration. SynergyAl 2023 uses dataflow representations, allowing
users to construct AI models through dataflow editing. It also includes an Al system that
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suggests dataflow modifications based on correlation coefficients, enabling users to quickly
optimize models with Al assistance. However, the initial version of SynergyAl 2023 did
not fully address black-box and explainability issues due to transparent Al nodes. The Al
advice, based solely on correlation coefficients, lacked visualization capabilities, limiting
the model’s explainability and credibility.

(C) Comparison with Different Tools

We compared Synergy Al with existing AI model-building tools and intelligent code
assistance tools, as shown in Table 1. Traditional AI model-building frameworks like
TensorFlow [18] allow for the creation of complex neural network models but are inherently
black-box systems, making troubleshooting difficult. PyCaret [19], on the other hand,
supports white-box models but lacks Al-assisted guidance for data selection and model
optimization. Furthermore, code assistance tools such as GitHub Copilot, Tabnine, and
Visual Studio IntelliCode provide code completion based on context-aware Al, while code
generation tools like DeepCode and Codeium assist in code refactoring and error detection.
However, these tools do not focus on model explainability or Al-human collaboration in
predictive modeling.

We also examined how SynergyAl differs from popular engineering and IoT develop-
ment platforms such as LabVIEW [20], ThingWorx [21], and Simulink [22]. LabVIEW is
renowned for its graphical programming environment and hardware integration features,
focusing on test measurement and control systems. ThingWorx, developed by PTC Inc.,
emphasizes IoT device connectivity, real-time monitoring, and data management in indus-
trial settings. Meanwhile, Simulink provides a multi-domain simulation environment via
block diagrams, integrating closely with MATLAB for model-based design. Although each
platform addresses specific domain requirements (e.g., instrumentation, IoT connectivity,
or multi-domain simulation), none of them feature an embedded Al assistant dedicated to
automatically recommending and optimizing dataflow architectures, nor do they empha-
size complete transparency in model building and inference. Dataflow can also be designed
to connect components in systems for rapid deployment [23]. By contrast, SynergyAl
integrates dataflow suggestions, correlation-based feature selection, and a white-box visu-
alization approach, thereby offering a unique combination of efficiency and explainability
within Al-driven predictive modeling.

Table 1. Comparison of Al development tools: SynergyAl’s advantages in explainability and
Al assistance.

. Al Data Code
Dataflow White Box Assistant Selection Assistance
TensorFlow v X X Hurtan x
only
PyCaret v v X Horan 8
only
GitHub
Copilot * g ’ ) ‘
Tabnine X X v x v
DeepCode x v * v
SynergyAl v v v HurXIan ' )

Note: v" indicates support, and x indicates lack of support.
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2.2. Difficulties in Al Programming
(A) Black-Box Problem

Al models, despite their impressive performance, are difficult to explain and under-
stand. Humans can only observe the input and output, not the internal workings, creating
opacity that leads to a lack of trust. This is especially problematic in critical decision-making
processes, where explainability is crucial for acceptance and confidence in Al systems [8,24].

(B) Trial and Error

Al model training often relies on intuition and experience for data selection [25],
which can be flawed and result in suboptimal performance. This leads to a time-consuming
trial-and-error process, where parameters are adjusted, models are retrained, and results
are validated. To improve efficiency, more systematic and data-driven methods are needed
to optimize model training and reduce reliance on trial and error.

(C) Lack of Human-AI Cooperative Ability

Conventional Al tools involve minimal collaboration between humans and Al after
the initial model design [26]. Integrating an Al assistant into the design process can
enhance collaboration by providing real-time feedback [27], suggesting improvements,
and identifying potential pitfalls. This approach not only improves model quality but also
empowers human designers to make more informed decisions, leading to more effective
Al solutions.

3. SynergyAl Concept

This chapter introduces the principles of SynergyAl, including its model construction,
frontend and backend development, and key functionalities such as model training, pre-
diction, and ensemble learning. We will demonstrate these functionalities using detailed
algorithms and examples.

Figure 2 illustrates the system architecture of SynergyAl. The frontend enables users to
design models, send requests to the backend for predictions or data analysis, and retrieve
results. The backend, implemented with Flask, consists of a model server for training
models and a file server for storing models and results.

Backend
Frontend
M | Server
« User Interface PN Web Server (Flask) R ode Se ,e
o <> > « Model Training
. Data Transmission . Processes Requests I
« Model Prediction
. Download Results

File Server
. Stores Trained Model
. Stores Predict Result

Figure 2. System architecture of SynergyAl.
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3.1. DataFlow

SynergyAl is a supervised learning tool that uses dataflow to represent models,
as shown in Figure 3. The dataflow consists of three types of nodes: input, Al, and
output, each playing a distinct role in the model. Each node is labeled with a data
identifier, and arrows indicate the direction of dataflow. AI nodes are further labeled
with the corresponding models, such as DT (decision tree), RF (Random Forest), and DL
(deep learning).

The explainability of SynergyAl is divided into two levels: the dataflow level and
the node level. At the dataflow level, models designed with SynergyAl provide a clear
visualization of the input-output relationships of each node. Users can insert intermediate
layers between inputs and outputs to complete a series of predictions, exploring how inputs
are progressively transformed into outputs. As shown in Figure 3, al, a2, and a4 are used
as inputs to predict bl with a decision tree. Similarly, a2, a3, and a4 serve as inputs to
predict b2 using a deep learning model. Finally, the predictions of bl and b2 are combined
to predict c1 using another decision tree.

At the node level, to ensure a fully transparent (white-box) model, users can choose
to train models using decision trees. In this case, not only are the inputs and outputs of
each node visible, but the decision-making process within each Al node is also presented to
the user.

al az’ a3 a4

Output,

Figure 3. Example of a two-layer dataflow with decision tree (DT) and deep learning (DL) nodes.

3.2. Frontend Development

Cytoscape [28] is an open-source platform for visualizing complex networks and
integrating attribute data, widely used in biological and other fields. In this study, we
developed a web application using Python and JavaScript, leveraging Cytoscape.js [29] for
its robust API that supports event handling, graph layouts, and dynamic updates, enabling
the addition, removal, or modification of nodes and edges. Using Cytoscape.js, we designed
a canvas for displaying dataflows, along with a toolbar and node panel for creating, editing,
and managing dataflows. Key functionalities include node creation, connection, deletion,
and dataflow management such as downloading and reading.

The dataflow comprises various elements, including nodes (input nodes, Al nodes,
and output nodes) and edges. To ensure prediction processes, we defined connection rules



Information 2025, 16, 178

7 of 18

between nodes in the program, as shown in Table 2. By adhering to these rules, the dataflow
can seamlessly proceed from input nodes, through Al nodes for processing, and finally
reach the output nodes.

Table 2. Node connection rules in the dataflow.

Node Name Input Output
Input Node None Al Node
Al Node Input Node or AI Node Al Node or Output Node
Output Node Al Node None

Note: “None” indicates no input or output is allowed.

3.3. Backend Development

The backend was developed using Python (version 3.10.7)’s Flask framework to
manage SynergyAl’s core functionalities and route requests. SynergyAl employs Scikit-
learn for algorithms like Random Forest, SVM, and decision tree, while TensorFlow’s API
is used for deep learning models. This API supports training, saving, and prediction for
diverse Al models.

During training, the frontend sends the relevant ‘csv_column” and ‘csv_data’ of the Al
node to the backend. Input data are organized into a dictionary, mapping ‘csv_column’ as
keys to ‘csv_data’ as values. The data are then processed into a model-compatible format
using JSON and Pandas, ensuring seamless integration with the Al models. During model
training, the system allocates 70% of the dataset for training and reserves the remaining
30% to evaluate the model’s accuracy.

3.4. Dataflow Prediction

When a dataflow contains numerous Al nodes with interdependent input-output
relationships, ensuring that each node receives the required input, generates predictions,
and passes results to subsequent nodes can be challenging. To address this, we propose
a comprehensive prediction algorithm (Algorithm 1) for the entire dataflow. Since the
algorithm is implemented in both Python and JavaScript, and JavaScript is predominantly
single-threaded, it is designed as a single-threaded algorithm.

The algorithm requires the dataflow to meet the following conditions:

¢  Allnodes must have assigned data.

*  Each node must have at least one input or output.

e  Each dataflow must start from an input node, traverse through Al nodes, and end at
an output node, as shown in Figure 3.

In the algorithm, the function predict(model, inputlist) takes a model and a list of
input data as parameters and returns the predicted outcome. Similarly, the function
getdata(model) accepts a model as input and retrieves the input data stream (input list) in
the specific sequence required by the model for accurate predictions.

3.5. Dataflow Modularity

Dataflows with numerous nodes and edges can become overly complex, as they are
often composed of multiple simpler dataflows, making them difficult to understand and
modify. To simplify modifications, we introduced a modular feature that encapsulates
dataflows into module nodes. Users can load dataflow files into module nodes and select
inputs and outputs to construct new dataflows. This approach streamlines the creation of
complex dataflows. Users can view a module’s structure directly within the module node,
ensuring transparency and preventing the model from becoming a “black box” [30].
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As shown in Figure 4, each dataflow consists of an input layer, an Al layer, and an
output layer. These layers are saved as JSON files on the server, with module nodes storing
their paths. This enables dataflows to be replaced with module nodes, whose structures
can be retrieved and displayed on the frontend to ensure transparency.

Algorithm 1 Comprehensive prediction algorithm

Require: User input data, Al node model, Function predict(model, inputlist), Function
getdata(model)
. Initialize model execution list: model_run_list — {}
: User inputs data for each input node data
: Add all Al nodes to model_run_list
: while model_run_list is not empty do
for each model model; in model_run_list do
Set completion flag ready to 1
for each input node | in model;.inputlist do
if [.data is null then
Set ready to 0 and break
10: end if
11: end for
12: if ready is 1 then
13: Update the model’s data using the prediction function: model;.data —
predict(model;, getdata(model;))
14: Remove model; from model_run_list
15: end if
16:  end for
17: end while

O XN D ey

Drying_days roaster_time
s-1116 s 1101

@

mp1 !elkperature
AI 1769

0.1
Pump2 failure

Al-75

pul
Sugar_Mixer_rotate_speed
AI 245\

m.,u..m-mf’l;ﬁin:-j

Al-1547

Figure 4. Three-layer structure of dataflow: input, Al, and output.

3.6. Ensemble Learning in SynergyAl

To improve the accuracy of prediction results and further reduce the risk of overfitting,
we developed an ensemble learning [31] feature based on dataflows. As shown in Figure 5,
the stacking functionality uses a new input node to store a dataset. Al nodes or modular
nodes act as base learners, and different datasets are used to train these base learners.
Finally, the outputs of all base learners are used as inputs for a meta-learner [32], which is
trained to generate the final prediction result.
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In addition to stacking, we also developed a bagging functionality. Bagging combines
the outputs of various Al nodes or modular nodes by taking a majority vote or calculating
the average to produce the final output.

ips-1121

passe assed passed
DF-83 Al-1928 AN1227 I-307

DT
1-6
opJ702

Outpul

Figure 5. Dataflow representation of a stacking-based ensemble learning model.

4. AI Assistant in SynergyAl

This chapter highlights the key functionalities of the Al assistant in SynergyAl, includ-
ing visualized decision trees to address the black-box problem, decision tree optimization
suggestions, data selection suggestions, and dataflow construction optimization sugges-
tions. Finally, we integrate these functionalities into a human-AlI collaboration model,
demonstrating their combined effectiveness.

4.1. Explainability of AI Model

Representing models by dataflow enables visualization of the model’s structure, in-
cluding input, output, and dataflow direction. However, Al nodes remain black boxes,
with opaque decision-making processes. To address this, we visualize decision tree models
next to their Al nodes, as shown in Figure 6.

Conching_falure glossiness

glossiness <= 2.5 |
gini = 0.479
samples = 2100
value = [1264, 836]
class = 0

N

gini = 0.348
samples = 654
value = [147, 507]
class =1

7
gini = 0.212
samples = 1270
value = [1117, 153]
class =0

Figure 6. Dataflow with decision tree.
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Figure 6 illustrates a dataflow using “Conching_failure” and “glossiness” as features
to predict “passed” with a decision tree model. Displaying the decision tree next to the DT
node clarifies the conditions for predicting “passed”. For example, when “glossiness” is
greater than 2.5, or “glossiness” is less than 2.5 and “Conching_failure” is greater than 0.5,
the output is 1; otherwise, it is 0. The decision tree also provides insights into sample splits,
Gini coefficients, and sample counts, which help evaluate reliability and overfitting risks.

Using decision trees from the Scikit-learn library, this approach transforms the dataflow
into a white-box model. To ensure explainability, the AI models used in this study are
primarily decision tree models, and some Al assistant suggestions are tailored for decision
trees. Details of the decision tree optimization function will be discussed in Section 4.2,
Paragraph C.

4.2. Dataflow with Al Advice

We developed three Al advice functionalities to enhance model construction and
training efficiency. These include data selection for individual Al nodes, optimization of the
dataflow structure, and parameter tuning for decision trees within Al nodes. By leveraging
these functionalities, users can minimize trial and error, streamline data analysis, uncover
correlations, and rapidly develop highly accurate models.

(A) Advice 1: Data Selection

To assist in selecting input data for an Al node, the Al assistant ranks columns of the
loaded CSV data by the absolute value of their correlation coefficients. After data selection,
the Al assistant generates a Scatterplot Matrix of the training features and target labels. The
frontend sends selected node data to the backend to generate the Scatterplot Matrix. The
backend uses Seaborn’s pairplot method to create the visualization, labeling axes starting
with “Al’ in red. The matrix is then encoded as a Base64 string and sent back to the frontend
for display. The Scatterplot Matrix reveals linear and nonlinear relationships between data,
while the diagonal line highlights data distribution, providing users with valuable insights
for model construction and training.

Since the correlation coefficient only captures linear relationships, it may underesti-
mate significant relationships in data with non-monotonic patterns. For example, when
y = sin(x), the correlation coefficient between x and y is low, yet there is a clear relationship.
A Scatterplot Matrix allows direct visualization of such relationships, reducing the risk of
overlooking important patterns.

(B) Advice 2: Optimize the Structure of Dataflow

Dataflow construction modification advice is applied after completing the dataflow to
optimize the input—output relationships of the existing data. This function is divided into
frontend and backend parts. On the frontend, users input two thresholds for high and low
correlations, preset to 0.5 and 0.3, respectively, but adjustable as needed. These thresholds
determine whether edges should be added or deleted between nodes based on correlation
coefficients. The “csv_data” and “csv_column” items of all nodes in the dataflow are sent
to the backend. Additionally, because this advice applies only to Al nodes, the frontend
marks the “csv_data” items of Al nodes as “selected_data” and sends them to the backend
as well. On the backend, the process begins by parsing the received data into a Pandas
DataFrame and calculating the correlation matrix. A heatmap is then generated to visualize
the correlations and encoded as a Base64 image. Based on the user-defined thresholds, pairs
of nodes with correlation coefficients above the high correlation threshold are identified as
candidates for edge addition, while pairs below the low correlation threshold are flagged
for edge deletion.
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Finally, the backend packages the heatmap image, high-correlation pairs, and low-
correlation pairs into a JSON format and returns it to the frontend. The frontend dynam-
ically displays this information in a popup, as illustrated in Figure 7. The upper part of
the figure shows the heatmap, while the lower part lists the recommended edges to add or
delete. Users can either manually adjust the dataflow according to these suggestions or
click the “yes” button to let the Al automatically modify the dataflow structure.
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Sugar_Mixer_failure

< »
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606 )
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Correlation coefficient below 0.3 :

passed and Drying_days have a correlation coefficient of 0.04 ( remove: s-1439 --> Al-606 )

bitterness and roaster_time have a correlation coefficient of 0.03 ( remove: s-577 --> Al-1683 )
Sugar_Mixer_failure and bitterness have a correlation coefficient of 0.01 ( remove: bitterness --> Al-1692 )

YES

Figure 7. Correlation-based Al recommendations for dataflow structure optimization.

(C) Advice 3: Optimize the Decision Tree Model

The combination of decision trees and dataflow can address the black-box problem.
However, decision tree models may overfit, resulting in complex models that perform
well on test data but poorly in real-world applications. These issues arise from excessive
tree depth, an overabundance of leaf nodes, or irrelevant branches. To mitigate this, we
dynamically adjust decision tree parameters based on input and target data.

We proposed and implemented a straightforward yet effective procedure to optimize
the maximum number of leaf nodes (max_leaf_nodes) in a decision tree. Specifically, we
take as input the range of candidate values for max_leaf_nodes, the feature set X, and the
target labels y. For each candidate max_leaf_nodes value, we train and evaluate a decision
tree using five-fold cross-validation to obtain the mean performance score. Finally, we
select the max_leaf _nodes value that achieves the highest average score. This process helps
balance model complexity and accuracy, reducing overfitting while maintaining strong
predictive capability.
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Figure § illustrates how the Cross-Validation Score varies with leaf node count, peaking
before declining due to overfitting. The optimization algorithm resulted in a decision tree
with 10 leaf nodes, improving explainability and achieving an accuracy of 78.7%. This
optimization algorithm has been integrated into the Al assistant to provide solutions for
individual models.

Decision Tree Classifier

0.790 +

0.785

0.780 +

0.775 4

0.770

Average Cross-Validation Score

0.765 4

0.760 -

L s e e e e e e I S
23456 7 8 910111213141516171819202122232425262728293031323334353637383940414243 44454647 484950515253 54555657 585960
max_leaf_nodes

Figure 8. Impact of leaf node count on decision tree Cross-Validation Score.

5. Application Examples
5.1. Chocolate Factory Machinery Failure Prediction

In the experiment, we will use SynergyAl to create a factory machinery failure predic-
tion model to identify the causes of failures. The benefits of predicting machinery failures
in factories include improved production efficiency, reduced maintenance costs, minimized
downtime, and extended equipment lifespan. By predicting failures, factories can schedule
maintenance in advance, avoiding the production interruptions and losses caused by un-
expected downtime. This process is closely related to the IoT, as IoT sensors can monitor
equipment status in real time and collect vast amounts of data. By analyzing these data, Al
models can identify potential signs of failure and enable predictive maintenance, leading
to smarter and more efficient factory operations.

Moreover, identifying the causes of machinery failures and using them as a basis for
prediction can significantly enhance prediction accuracy, optimize maintenance schedules,
reduce downtime, extend equipment lifespan, and achieve optimal resource allocation
and data-driven decision-making. This, in turn, further enhances the overall production
efficiency and economic benefits of the factory.

Dataset Introduction

This experiment uses a dataset from a chocolate factory production line, as described
in the research by Zhang et al. [10], with Table 3 showing a portion of the data. Due to the
large number of columns in the dataset, only a subset of the data is displayed in the table.
The dataset mainly includes three types of data:

*  Sensor Data: data from sensors on factory machinery, including temperature, rotational
speed, time, etc.

*  Quality Inspection Data: data from the inspection of finished chocolates, including
glossiness, sweetness, qualification status, etc.
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. Machinery Failure Data: records of actual mechanical inspections, indicating whether
the machinery failed.

Table 3. Production data.

Pump3_Pressure = Conching Time  Sweetness Passed Roaster_Failure Sugar_Mixer_Failure
63 224 1 0 0 0
58 182 2 0 0 0
64 249 2 0 0 0
64 255 3 0 0 0
61 192 3 0 0 0
72 359 3 1 0 0

Create Dataflow Model with AI Assistant

Figure 9 shows the chocolate factory production line, illustrating the relationships
between various machines. In this experiment, we aim to predict the failure of the Sugar
Mixer machine shown in the diagram.

Drying P> Roaster Tempering L !
+ Machine Pump 3
Cocoa Butter ?
Melting Tank
Pump 2
, : .
Conching [ Pump 1 [ Nfl‘iﬁlzlg I\I:I/[Zliﬁ?cg

A

Sugar Mixer

Figure 9. Chocolate production line diagram.

First, as illustrated in Figure 10, we used the Al assistant’s data selection suggestions
for individual Al nodes to identify which data are correlated with “Sugar Mixer failure”.
The results indicated that this machine’s failure is correlated with failures of other machines.
However, since we are only predicting the Sugar Mixer failure in this experiment, we did
not select other machines’ failure data.

After further analyzing the sensor data and chocolate quality data, we found that
although the failure of the Sugar Mixer was not highly correlated with the sensor data,
it did show a certain correlation with the chocolate quality data, particularly “passed”
(qualification status) and “glossiness”. Therefore, we selected “passed” and “glossiness”
as the second-layer data and further searched for data that had a strong correlation with
them, from which we selected relevant sensor data.

The following principles are valid for selecting input data for the third layer.

1. Select only sensor data.

Preferentially select sensor data from the target machine and other machines that have
strong operational dependencies on that machine.

3. Use the selected data as input for the second layer.
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Figure 10. Create the dataflow based on Advice 1.

Following these principles, we constructed the dataflow shown on the left side of
Figure 10.

Next, as shown in Figure 11, we used the Al assistant’s recommendations to optimize
the dataflow structure. The Al assistant provided multiple modification suggestions, as
shown on the right side of Figure 11. Based on these suggestions, we observed that there
was generally a high correlation between the second and third layers. We modified the
dataflow based on the following principles.

1. Select the data with the highest correlation with the second-layer variables from the
Al assistant’s suggestions and establish connections accordingly.

2. Retain sensor data connections related to the target machine (Sugar Mixer in this case)
since the goal is to predict its failure.

3. Train a decision tree model and analyze its structure. If certain input features are
not utilized in decision-making, remove their corresponding connections to simplify

Suga

the model.
glossiness - 050 0.50 050 056 0.55 [FRTR 031 | o>
X Sugar_Mixer_failure - 0.29 029 0.29 058 031 PR I
coca_melting_{ : | | | | |
ing_ti ) N
s-158 Conching_time 5598 Sugar_Mixer_time 2 E 3 E § ¢ 3
[ ] [ o 2 z 3
Linput § 5533 D 586 g 2 g § & & 3
£ £ £ 2 s
5 ] ]
4 § -
£
g
8

Suga

glossiness
Al-994,

o
©
coca_meltin

—

Correlation coefficient above 0.3 :
081 058 passed and coca_melting_temperature have a correlation coefficient of 0.67 ( add: s-158 --> AI-800 )
Sugar_Mixer. ure passed and glossiness have a correlation coefficient of 0.55 ( add: glossiness --> Al-800 )

passed and Sugar_Mixer_failure have a correlation coefficient of 0.58 ( add: Sugar_Mixer_failure --> Al-
Al-1459 800)
glossiness and conching_temperature have a correlation coefficient of 0.50 ( add: s-598 --> Al-994 )
DT glossiness and Sugar_Mixer_time have a correlation coefficient of 0.56 ( add: s-86 —> Al-994 )
glossiness and passed have a correlation coefficient of 0.55 ( add: passed --> Al-994 )
| glossiness and Sugar_Mixer_failure have a correlation coefficient of 0.31 ( add: Sugar_Mixer_failure -->
0ps-661 Al-994)

Correlation coefficient below 0.2 :
passed and Sugar_Mixer_time have a correlation coefficient of 0.19 ( remove: s-86 --> Al-800 )

Figure 11. Modify the dataflow based on Advice 2 and user experience.

As a result, we obtained the dataflow shown on the left side of Figure 11.
Lastly, we applied the Al assistant’s decision tree optimization suggestions to refine
the decision tree structures of each Al node. As shown in Figure 12, after optimization, the
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prediction accuracy for “Sugar Mixer failure” reached 85%, while the number of decision
tree nodes was reduced from 11 to 9.

passed <= 0.5
gini = 0.299
samples = 2100
value = [1716, 384]
class = 0

pl
value = [1719, 381]
class = 0

glossiness <= 1.5
gini = 0.497
samples = 830
value = [449, 381]
class = 0

—

glossiness <= 1.5
gini = 0.497
samples = 836
value = [452, 384]
class = 0

gini = 0.458
samples = 287
value = [185, 102]
lass =

iness <= 3.5

gini = 0.499

samples = 507

alue = [262, 245]
class =

<

gini = 0.464 gini = 0.495 gini = 0.492 gini = 0.496 gini = 0.497 gini = 0.495
samples = 265 samples = 415 samples = 101 samples = 11 samples = 394 samples = 113
value = [168, 97] value = [229 186] value = [44, 57] value = [5, 6] value = [211, 183) value = [51, 62]
class = 0 class = 0 class = 1 class = 1 class = 0 class = 1
Before After

Figure 12. Optimize the decision tree based on Advice 3.

5.2. Evaluation

This experiment utilized various Al assistant functionalities of SynergyAl to create a
white-box dataflow model, achieving 85% accuracy in predicting Sugar Mixer failure. This
not only demonstrates SynergyAl’s capability in constructing multi-layer models through
human-AI collaboration but also highlights the benefits of high model interpretability.

As shown in Figure 13, the model predicts chocolate quality using sensor data from the
two machines adjacent to the Sugar Mixer—conching and cocoa butter melting tank—and
then uses the chocolate quality to further predict Sugar Mixer failure. In the future, if
anomalies are detected in the sensor data from these two machines, we can anticipate
specific issues in the chocolate product, allowing for targeted inspections of the Sugar
Mixer and early identification of potential failures.

Drying Roaster Tempering >
+ Machine Pump 3

f

Cocoa Butter
r data Melting Tank
Pump 2
; t
. N L p| Melting Moulding

Conching Pump 1
Tank :
QU ali ity Machine

Sugar Mixer

Failure?

Figure 13. Prediction for chocolate production line

6. Conclusions

This study developed the human—Al collaborative model design tool SynergyAl
to address the black-box problem. By using dataflow and visualized decision trees,
the tool enhances model explainability and improves the efficiency of model building
through human-AlI collaboration. Human experts provide domain knowledge and data
annotation, while AI handles complex calculations and pattern recognition, enabling
effective collaboration.
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The proposed algorithms optimize decision tree parameters to adapt to diverse
datasets and scenarios, ensuring reliable predictions. Additionally, the ensemble learning
mechanism combines predictions from multiple models to reduce errors and enhance
overall performance, effectively mitigating overfitting issues.

SynergyAl’s Al assistant provided valuable recommendations during data selection,
dataflow construction, and model optimization in this experiment. This process reduced
trial and error, effectively combining human intuition with Al precision to build a robust
and reliable predictive model for chocolate factory machinery failure. The experiment
demonstrated SynergyAl's versatility and practical application potential. The tool not only
improved prediction accuracy, achieving 85%, but also provided explainable results, which
are crucial for decision-making in real-world industrial applications.

By offering a transparent and intuitive platform, SynergyAl fosters further advance-
ments in Al technology and promotes its adoption across various domains. With SynergyAl,
users can develop more accurate and reliable models, driving better outcomes in health-
care [33], manufacturing, and beyond.
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