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KEY WORDS Abstract The pharmaceutical industry faces challenges in quality digitization for complex multi-stage pro-
cesses, especially in small-sample systems. Here, an intelligent quality prediction and diagnostic (IQPD)
framework was developed and applied to Tong Ren Tang’s Niuhuang Qingxin Pills, utilizing four years of data
collected from four production units, covering the entire process from raw materials to finished products. In
this framework, a novel path-enhanced double ensemble quality prediction model (PeDGAT) is proposed,
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Real-world Tong Ren
Tang’s Niuhuang
Qingxin Pills

samples, offering a panoramic view of attribute relationships across units and improving process transparency.
Finally, the IQPD framework integrates into a Human—Cyber—Physical system, enabling faster decision-
making and real-time quality adjustments for Tong Ren Tang’s Niuhuang Qingxin Pills, a product with annual

sales exceeding 100 million CNY. This facilitates the transition from experience-driven to data-driven

manufacturing.

© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and
Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The global manufacturing industry is rapidly transitioning towards
digitization and intelligent systems'. Key initiatives like Germany
“Industry 4.0” and the United States “Industrial Internet” aim to
enhance industrial competitiveness through advanced intelligent
manufacturing technologies®. A crucial objective is intelligent
quality prediction and diagnostics®”, which reduce resource waste
by enabling real-time monitoring and process optimization®’.
This is especially crucial in the pharmaceutical industry, where
ensuring product safety and efficacy is paramount.

Since China joined the International Council for Harmo-
nisation of Technical Requirements for Pharmaceuticals for
Human Use (ICH), digital and intelligent production processes for
Chinese Materia Medica (CMM) have received significant atten-
tion'®'2. The primary goal is to develop intelligent and accurate
quality prediction and diagnostic models to enhance product
consistency and ensure compliance with stringent quality stan-
dards. However, the complexity of multi-unit manufacturing
processes (MMPs) and the low level of digitalization in CMM
enterprises pose significant challenges'>'*. In MMPs, each unit’s
output serves as the input for the next, leading to cumulative
variations in product quality. Therefore, precise quality prediction
is essential for the early detection and resolution of issues.

Deep learning methods have been developed for end-to-end
quality prediction without complicated feature engineering'®'8.
Current research on quality prediction primarily focuses on single
manufacturing processes, neglecting the dependency relationships
among multiple processes'®??. Recent deep learning models for
multi-unit quality prediction have emerged, but they typically rely
on large amounts of historical data. For example, Liu et al.”*
introduced a novel quality embedding model pool (QTD) frame-
work and a bidirectional serial-parallel LSTM (Bi-SP-LSTM)
model, capable of leveraging machine dependencies to improve
quality prediction. However, limited digitization in some
manufacturing enterprises restricts the volume of collectible data.
Small sample sizes result in overfitting and poor generalization,
reducing predictive accuracy in multi-unit quality models>*S,
Consequently, small sample size is a key challenge currently
limiting the development of multi-unit quality prediction models.

In addition to prediction, effective anomaly detection is critical
for maintaining quality consistency. A quality anomaly diagnosis
model can enable production staff to shift from reactive measures
to proactive, preventive actions, minimizing resource wastage and
improving overall efficiency. However, the traditional production
process and reliance on manual experience in the MMPs of CMM
big honeyed pills complicate the early detection and correction of
such issues®’. Therefore, developing a quality anomaly diagnostic
model for CMM big honeyed pill production is crucial for quickly

identifying the root causes of anomalies and enhancing the level of
manufacturing digitization.

Currently, diagnostic models for manufacturing processes pri-
marily rely on statistical process control (SPC) and machine learning-
based methods®*>°. While these methods effectively detect quality
abnormalities, they are highly dependent on large datasets. In com-
plex products with multiple features and multi-stage processes,
insufficient data often results in reduced model reliability*!. To
address these challenges, Bayesian networks*>* have emerged as a
promising solution for quality diagnostics in MMPs. These graphical
models effectively manage uncertainty and model probabilistic de-
pendencies between units, enabling earlier detection and more pre-
cise corrective actions. However, for the production of big honeyed
pills with small sample sizes across multiple units, it is even more
difficult to develop accurate diagnostic models.

Here, a novel multi-unit intelligent quality prediction and diag-
nostic framework (IQPD) was developed to address the challenges
posed by small sample sizes in MMPs. Within this framework, the
quality prediction model employs an advanced path-enhanced double
ensemble model named PeDGAT. This model introduced graph
attention network (GAT) to capture complex dependencies in graph-
structured processes. However, as GAT typically aggregates infor-
mation only from first-order neighboring nodes within a single layer,
Bi-LSTM was employed to encode the long-range and sequential
dependencies between different process units. The resulting path
information was then integrated with the adjacency matrix and
incorporated into the model for enhanced predictive accuracy. At the
same time, a Monte Carlo (MC) resampling-based double ensemble
strategy was implemented to enhance the model’s generalization for
small sample datasets. Additionally, the small sample multi-unit
quality anomaly diagnosis model combined grey correlation analysis
with expert knowledge to enhance the accuracy and effectiveness of
quality diagnosis in the IQPD framework. Last, a Human-
—Cyber—Physical (HCP) system based on the IQPD framework was
established and integrated into the big honeyed pills production
process, enabling monitoring and seamless human—machine inter-
action to ensure quality consistency and adaptive decision-making.
This work shifts CMM production from an experience-driven to a
data-driven model, enhancing efficiency, traceability, and intelli-
gence in pharmaceutical manufacturing.

2. Materials and methods

2.1.  Samples corresponding to the one-to-one process of the
manufacturing process

Samples of Tong Ren Tang’s Niuhuang Qingxin Pills, with an
annual sales revenue exceeding 100 million CNY, were collected
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from Beijing Tongren Tang Co., Ltd. (Beijing, China), one of the
largest CMM manufacturers in the country?’. These samples were
sourced from four production units, including the honey refining,
mixing, He-tuo, and pill making processes (Supporting
Information 1.1). Raw honey was first refined into processed
honey, which was then further processed into He-tuo honey. The
He-tuo honey was combined with herbal powders to form He-tuo
pill blocks through the He-tuo process. The final product, big
honeyed pills, was produced through the pill making process. In
the He-tuo process, herbal powders and He-tuo honey were
thoroughly mixed to create a pill block that is soft, moderately
firm, and suitably plastic. The ideal pills should exhibit appro-
priate adhesion without sticking to the cutting blade during
extrusion, possess elasticity and cohesion for a smooth surface
during rolling, and have moderate hardness for easy chewing.
Hence, texture attributes are critical factors influencing the
forming rate of honeyed pills.

The study included 4 batches of raw honey and 28 batches each
of refined honey, He-tuo honey, herbal powders, He-tuo pill block,
and big honeyed pill. In total, 59 physical and chemical quality
attributes were measured across six sample types from the four
production units (Supporting Information 1.2).

2.2.  Problem formulation

This study addresses quality control challenges in pharmaceutical
manufacturing involving multi-unit processes under small-sample
scenarios, focusing on two critical tasks: (1) quality prediction in
multi-stage production processes, and (2) anomaly traceability and
diagnosis of final products. The methodological framework is
validated through an industrial case study involving the production
of Tong Ren Tang’s Niuhuang Qingxin Pills, a multi-stage phar-
maceutical manufacturing process.

The production process comprises N interconnected process
units (e.g., honey refining process, mixing process, He-tuo pro-
cess, pill making process). Each unit i (i = 1, 2, ..., N-1) gen-
erates a feature matrix X; € R where u is the number of
samples, F; is the feature dimension of unit i. The N-th unit rep-
resents the final product, with its quality metric y € R as the
prediction target.

Inputs:

1. Feature matrix {X;,Xs,...,Xy_1}, i.e. X e R,

2. Targets: y € R*

3. Process topology: A graph construction & = (77, &), where:

1) Nodes 7 Represent process units {1,2,...,N — 1}.

2) Edges &: Define dependencies between units (e.g., material
flows). For example, an edge (a,b) € & indicates that unit a
directly precedes unit b.

3) Adjacency Matrix: An adjacency matrix A e {0, 1} ~1*(V=1)
where A, ;=1 if (a,b) € &, else 0.

Output:
Predicted quality: y € R* for the final product.

2.3.  PeDGAT: A path-encoded double-ensemble GAT model

This section introduces a predictive modeling method called
PeDGAT, which integrates an autoencoder, a GAT, a bidirectional
LSTM-based path encoder, and a MC resampling strategy for double-
ensemble training. As illustrated in Fig. 1, the primary idea is to first
construct a quality embedding model®*, mapping each process unit’s

features into a unified feature space. Next, a static graph is established
based on predefined inter-process relationships, followed by path
encoding using a bidirectional LSTM. Finally, multiple GAT sub-
models are trained via MC subsampling, and their predictions are
aggregated to yield a robust final output. Pseudocode for PeDGAT is
shown in Algorithm 1, which consists of the following five stages:

Stage 1 Quality embedding model

Given the raw quality data matrix Xe R**F', each feature is stan-
dardized. An autoencoder (Supporting Information 1.3, Supporting
Information Fig. S1) fag is applied to the feature matrix X of each
process unit to encode it, projecting it into a feature space R%m . The
resulting embedded representation is given by Eq. (1):

e=/x(X)e R (1)

where f5g represents the trained encoder. The embedded features e
serve as inputs to subsequent stages. This pretraining decouples
feature extraction from the subsequent prediction task, thereby
simplifying the overall training process and enhancing training
efficiency.

Stage 2 Graph construction and data preparation

The static graph topology is constructed based on predefined
process connectivity relationships among manufacturing units,
where each node represents a process unit. Specifically, directed
edges are established according to material flow sequences: raw
honey — refined honey (node 0 — 1), refined honey — He-tuo
honey (node 1 — 2), He-tuo honey — He-tuo pill block (node
2 — 4), and herbal powders — He-tuo pill block (node 3 — 4).
Each node is characterized by its latent feature vector derived from
the embedding matrix e. This topological configuration reveals two
distinct material transformation pathways: Path 1 (node
0 — 1—2 — 4) characterizing the excipient honey refinement
stream from auxiliary materials to He-tuo pill block formation, and
Path 2 (node 3 — 4) describing the integration of herbal raw ma-
terials into the He-tuo pill block composite. All such path connec-
tions are systematically enumerated to generate a comprehensive
edge list. Subsequently, this edge list was then converted into an
adjacency representation, yielding an edge_
index structure. For a specific path pk = [m,my, ..., my], repre-
senting the ordered sequence of nodes from m; to M pi|- The feature
representation of the nodes along the path pk is expressed as Eq. (2):

[ e[m,:] 7

e[ma,:]

B(pi) = € RIPxxdemd (2)

efmy,,:] ]

For each sample instance, a graph-structured data object was
constructed containing three principal components: (1) dimen-
sionally reduced node embeddings generated through the
autoencoder, (2) the corresponding edge_index, and (3) the
associated target quality metric y.

Stage 3 Define the GAT model with the path encoder

Motivated by the inherent limitations of GAT architectures in
effectively ~modeling long-range and sequential node
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Figure 1

dependencies, a bidirectional LSTM (Bi-LSTM) is employed to
extract its sequential dependencies features. Each path represen-
tation B(py) is processed by the Bi-LSTM to generate hidden
vectors izk. As shown in Eq. (3):

h =Bi — LSTM(B(p)) € R% 3)

where d,, is the hidden layer dimension of the Bi-LSTM.

The path-enhanced features hy are then propagated through
GAT layers, where a multi-head attention mechanism bridges the
graph structure. For example, for nodes such as the “He-tuo pill
block” that are connected to both “He-tuo honey” and ‘“herb
powders”, the GAT dynamically assigns weights to these con-
nected nodes based on their relative importance, while simulta-
neously aggregating features according to the predefined topology
edges. The node representation update is formalized as Eq. (4):

B, =GAT(h, &30) (4)

where 6 represents the GAT layer parameter.
Stage 4 MC resampling model training

To ensure robustness in model performance, the MC resam-
pling procedure is performed to generate 7 subsample sets for
training an ensemble of GAT sub-models (Supporting Information
1.4, Supporting Information Fig. $2)**3’. Denote by f; the pre-
diction function of the 7~th GAT sub-model. As shown in Eq. (5):

Y.=f£ (1) (5)

Early
overfitting.

stopping is applied during training to mitigate

Stage 5 Final prediction and evaluation

The final output results of 7 sub-models are averaged to obtain
the final predicted quality value:

Y=

The principle of the PeDGAT model.

37, (6)

t=1

Nl

Algorithm 1: PeDGAT prediction model

Input: Raw data matrix X € R, targets y, graph structure
Output: Prediction results and evaluation metrics
1 //Stage 1: Quality embedding model
2 Initialize StandardScaler, fit_transform on X
3 Define autoencoder:
Encoder: Linear (m—a) — ReLU — Linear (a—b)
Decoder: Linear (b—c¢) — ReLU — Linear (c—m)
4 Train autoencoder:
For epoch = 1 to 1000 do
Forward pass: X= Decoder (Encoder(X))
Compute MSE loss: L = [|X - X]|"2
Backpropagate and update weights
end
5 Extract compressed features: e = Encoder(X)
//Stage 2: Graph construction and data preparation
7 Define static graph topology:
edges = [
[0, 1], //Node 0 — Node 1
[1, 2], //Node 1 — Node 2
[2, 4], //Node 2 — Node 4
[3, 4] //Node 3 — Node 4
1

=)}

8 Convert to sparse adjacency representation:
edge_index = transpose (edges) //Shape becomes [2,
num_edges]
edge_index = make_contiguous (edge_index)
9 Construct graph data:

for each sample i € [1,n] do
Create a data object with:
x = e [i] (processed features)
edge_index = the predefined edge_index
mentioned above
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(continued)

Algorithm 1: PeDGAT prediction model

y = corresponding target

end
10 //Stage 3: Define GAT model with path encoder
11 Path encoder: Bidirectional LSTM

Input dimension: num_features
Hidden dimension: h_dim
12 GAT layers:
convl: 8-Head attention layer
(input_dim = 2h_dim — output_dim = 8§ x 8)
conv2: Single-head attention layer
(input_dim = 64 — output_dim = 1)
13 //Stage 4: MC resampling model training
14 Implement MC resample:
15 Initialize the MC regressor with 100 estimators
For each estimator do
Train on 80% subsampled data:
for epoch = 1 to 300 do
Forward pass-through GAT with path encoder
model
Compute MSE loss
Update weights with early stopping

end
end
16 //Stage 5: Final prediction and evaluation
17 Evaluate the model:

For 20 independent runs do
Split data into train/test samples
Aggregate predictions from all estimators
Calculate RMSE, MAE, R and MSE metrics
end

All samples were randomly split into 80% for training and 20%
for prediction. To validate the method’s effectiveness, four
commonly used metrics were employed: mean squared error
(MSE), root mean squared error (RMSE), mean absolute error
(MAE), and correlation coefficient (R). The final experimental
results are reported as the mean and standard deviation derived
from 20 independent experiments, ensuring robust and reliable
performance evaluation.

To evaluate the performance of the proposed model, five
models were compared: ridge regression (RR), support vector
regression (SVR), multi-layer perceptron (MLP), convolutional
neural networks (CNN), and GAT. Besides, an early stopping
strategy was implemented to avoid overfitting. The Adam opti-
mizer was employed to optimize parameters for Pe(DGAT, with the
training process running for 200 epochs and the number of
attention heads set to 8. The optimal critical parameters for
PeDGAT in predicting Chewiness, Hardness, and Adhesiveness
were determined as follows: Dropout values of 0.2, 0.1, and 0.5,
respectively; a Learning Rate of 0.01; and a patience setting of 80,
60, and 80 steps, respectively. The modeling environment details
and parameters for the other methods are provided in Supporting
Information 1.5 and Supporting Information Table S1.

All algorithms were executed using Python 3.8 and MATLAB
2022b in a computational environment powered by an AMD
Ryzen 7 5800H with Radeon Graphics, a CPU clocked at
3.2 GHz, and 32 GB of memory.

2.4.  Multi-unit IQPD framework for quality control in small-
batch manufacturing

To address the challenges of quality control in MMPs with small
samples, a multi-unit IQPD framework is proposed (Fig. 2). The
framework operates in four main steps:

(1) Digital measurement of quality attributes

Firstly, the framework digitally measures the quality attributes
of the manufacturing process, as shown in Fig. 2A and al. In total,
59 physical and chemical quality attributes across 11 categories
were digitally characterized.

(2) PeDGAT model

Secondly, it encodes the dependencies of the multi-unit process
and establishes a double ensemble multi-unit quality prediction
model—PeDGAT, illustrated in Fig. 2B. Following the method
described in Section 2.3, PeDGAT is built to predict quality
indices under limited sample conditions.

(3) Quality anomaly tracing and diagnosis

When the prediction results exceed the specified thresholds,
indicating potential quality anomalies, the framework employs a
quality anomaly tracing and diagnosis model based on grey rela-
tional analysis and expert knowledge, as depicted in Fig. 2C and c1.

1) Construction of Bayesian network: The comprehensive
correlation between abnormal nodes and their upstream
nodes is calculated using grey correlation analysis to
establish a Bayesian network. This network is further
refined by integrating expert knowledge. The conditional
probabilities within the network are computed using his-
torical data (Supporting Information 1.6, Supporting
Information Fig. S3).

2) Probabilities of quality diagnosis: Formula (25) in
Supporting Information 1.6 is employed to calculate the
probabilities of all upstream nodes causing anomalies.
These probabilities are then ranked to identify the key
causes of anomalies.

(4) Quality tracing and diagnosis software
Additionally, quality tracing and diagnosis software has been

developed (Fig. 2D), user-friendly interface and offers the
following key features:

1) Anomaly tracing and visualization

When predicted quality indicators exceed allowable limits, the
software initiates anomaly tracing and visually highlights poten-
tial issues within the Bayesian network.
2) Root cause analysis

By integrating historical data, grey relational analysis, and

expert knowledge, the platform generates ranked lists of probable
causes and produces intuitive diagnostic reports.
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Figure 2 Multi-unit IQPD framework. (A) Manufacturing processes: (al) Multi-source data as model inputs; (B) Schematic diagram of the
PeDGAT model; (C) Quality anomaly traceability and diagnostic process: (c1) Bayesian network calculations and anomaly probability estimation;

(D) Software development.

3) Decision support

The software provides actionable recommendations and best-
practice guidelines to mitigate anomalies, helping practitioners
rapidly resolve quality issues and make informed adjustments to
the manufacturing process.

The quality tracing and diagnosis software can effectively trace
and diagnose the causes of quality anomalies, providing essential
guidance and visualization tools for process control.

3. Results

3.1.  Overall quality diagnosis of multi-batch products via
information fusion strategy

CMM product quality is critical for ensuring safe and effective clinical
treatments. To evaluate quality consistency in Tong Ren Tang’s
Niuhuang Qingxin Pills production, the 53 physical and chemical
attributes of samples from the honey refining, mixing, and He-tuo
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processes (Fig. 3A) were first standardized to eliminate data scale
differences (Fig. 3b1, b4, b7, and b10). Then, a multivariate statistical
process control (MSPC) model based on information fusion assessed
overall quality consistency across manufacturing stages.

When the MSPC strategy was implemented for refined honey,
five samples were identified as outliers using Hotelling’s 7% and
SPE charts (Fig. 3b2 and b3). Specifically, two samples
(20010186, 20010257) were flagged by Hotelling’s 7> chart, and
three samples (20010187, 20010188, 20010436) were identified
by the SPE chart. For He-tuo honey, two samples (20010186,
20010188) exceeded the control limits on both charts (Fig. 3b5
and b6). In the case of herbal powders, three samples for herbs
powders (20010256, 20010426, 20010439) were found to exceed
the control limits (Fig. 3b8 and b9). For the He-tuo pill block, two
samples (20010427, 20010438) surpassed the SPE control limits
(Fig. 3b11 and b12).

These results highlight significant quality fluctuations and
batch-to-batch differences during Tong Ren Tang’s Niuhuang
Qingxin Pills production, emphasizing the urgent need for an
innovative quality prediction and diagnostic framework to identify
and control potential quality issues, thereby enabling timely ad-
justments by production personnel.

3.2.  Advanced IQPD framework for intelligent diagnosis in
real-world pharmaceutical manufacturing with small sample sizes
in MMPs

3.2.1.  Parameter optimization of the PeDGAT model

In the PeDGAT method, a subset of samples is first selected from
the original training set to establish multiple PeDGAT sub-models
Fig. 4A. Sample size and epochs are key parameters. To optimize
the training subset size, percentages ranging from 5% to 100%
with 5% intervals are evaluated. Fig. 4b1 depicts the variation of
the RMSE for chewiness with the percent of the training subset of
DGAT (PeDGAT lacking path encoding). RMSE decreases
sharply up to 20%, slows between 20% and 50%, and stabilizes
with a minimum between 50% and 80%, before slightly increasing
beyond 80%, indicating overfitting. An 80% subset is optimal for
chewiness. Similarly, Fig. 4b2 shows RMSE for hardness stabi-
lizes between 60% and 80%, and Fig. 4b3 indicates adhesiveness
reaches its minimum at 80%. Thus, an 80% subset is recom-
mended for all three indices for DGAT and PeDGAT.

Early stopping was utilized to determine the optimal number of
epochs by monitoring the training loss, aiming to prevent over-
fitting. Fig. 4b4—b12 illustrates the loss trends for GAT, DGAT,
and PeDGAT, respectively, across the three metrics. It can be
observed that the fluctuations in loss trends for DGAT and
PeDGAT are smaller than those for GAT, indicating that MC
resampling enhances model stability. Furthermore, the signifi-
cantly lower loss values for PeDGAT compared to DGAT and
GAT indicate that the path encoding mechanism in PeDGAT
effectively enhances model accuracy, further reducing error
compared to GAT and DGAT. Using early stopping, the optimal
epochs selected for the three metrics with the PeDGAT method
were 167, 190, and 272, respectively.

3.2.2.  Comparison of the prediction results

The effectiveness of PeDGAT in small-sample scenarios was
systematically validated through 20 independent experimental
trials. Under optimized parameter configurations, comprehensive
performance comparisons between PeDGAT and five baseline
models (RR, SVR, MLP, CNN, GAT) were conducted, focusing

on three critical textural attributes of big honeyed pills: chewiness,
hardness, and adhesiveness. To further investigate the contribu-
tions of key architectural components, an ablation study was
implemented through two modified variants: DGAT and PeGAT
(excluding MC resampling).

The superior performance of PeDGAT is systematically
demonstrated in Table 1, where the lowest error metrics (MAE,
RMSE, MSE) and highest R are consistently achieved across all
three textural attributes. For chewiness, the PeDGAT model ach-
ieves an MAE of 0.2257, RMSE of 0.3056, MSE of 0.0934, and R
of 0.9366. When compared to the suboptimal GAT baseline model
(MAE = 0.2438, R = 0.8373), PeDGAT exhibited significant
improvements, reducing MAE by 7.4% and enhancing the R by
11.9%. PeDGAT demonstrates similar performance advantages
over traditional machine learning models. Compared to SVR and
RR exhibiting MAE values of 0.2480—0.3120 and R values of
0.6452—0.7262, PeDGAT achieves MAE reductions of 9.0%—
27.7% alongside R value improvements of 45.2%—29.0%. This
performance advantage extends consistently to hardness and
adhesiveness predictions, demonstrating that the integration of
path encoding and MC resampling substantially improves pre-
dictive accuracy across multiple textural attributes.

Twenty independent trials were conducted to quantify predic-
tion stability, with the standard deviation of each model’s outputs
calculated across all evaluation metrics. For example, the RMSE
for hardness prediction is 0.0071 in PeDGAT, whereas MLP, CNN
and GAT exhibit 8.6-, 11.8- and 19.4-fold higher (0.0610, 0.0838
and 0.1379). This difference in fluctuation amplitude persists
across chewiness and adhesiveness predictions, validating the
prediction stability, reliability and robustness of PeDGAT under
small-sample conditions.

To systematically evaluate the contribution of individual
components in PeDGAT, we conducted ablation studies
comparing model performance under different architectural con-
figurations. The experimental results reveal two critical findings:
@® Removal of the path encoding module (DGAT configuration)
significantly degrades prediction accuracy across all texture at-
tributes. For example, this architectural modification increased the
MAE from 0.2257 to 0.2732, representing a 17.4% performance
deterioration (lower values indicate better performance) for
chewiness. Concurrently, the R decreased from 0.9366 to 0.8942,
reflecting reduced model explainability. This confirms the neces-
sity of capturing long-range and sequential dependencies among
manufacturing processes. @ Elimination of the MC resampling
component (PeGAT configuration) substantially increased pre-
diction instability. For example, in adhesiveness prediction, the
MAE standard deviation surged from 0.0223 to 0.1336, a 6-fold
increase in variance. The results show that the MC resampling
strategy demonstrated significant improvements in model
robustness and reliability under small-sample conditions. Overall,
these results indicate that encoding dependencies between pro-
cesses and employing a double ensemble approach significantly
enhanced both small sample model accuracy and stability.

3.2.3.  Quality anomaly tracing and diagnostic analysis for Tong
Ren Tang’s Niuhuang Qingxin Pills

To trace the causes of quality anomalies in the production of Tong
Ren Tang’s Niuhuang Qingxin Pills, a Bayesian network model
was developed based on grey correlation analysis and expert
knowledge, focusing on the four key manufacturing processes:
honey refining, mixing, He-tuo, and pill making. The physical and
chemical properties of raw materials, excipients, intermediates,
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Figure 3

Standardized preprocessing and Hotelling’s 7> and SPE charts for the CMM dataset. Red squares indicate abnormal samples, blue

dashed lines the 95% confidence limit, and orange solid lines the 99% confidence limit. (bl), (b4), (b7), and (b10) are standardized preprocessing
charts for refined honey, He-tuo honey, mixed herbal powder, and He-tuo pill block samples, respectively. (b2), (b5), (b8), and (bl1) are
Hotelling’s T2 charts, while (b3), (b6), (b9), and (b12) are SPE charts for the information fusion results of the four sample types.

and final products were measured to construct a Bayesian network
revealing the interactions affecting product quality, as depicted in
Fig. 5.

Fig. 5A depicts the four key production processes and six
critical materials, from raw honey to the final big honeyed pill.
Fig. 5B—D, and F illustrate Bayesian networks for chewiness,

hardness, and adhesiveness, where pink circles represent the final
product’s texture attributes. These are influenced by the He-tuo
pill block’s quality, which in turn depends on the herbal pow-
ders and He-tuo honey, ultimately tracing back to raw honey. Each
network emphasizes potential key factors affecting the texture
properties.
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Figure 4

The parameter optimization charts for PeEDGAT model. (A) The flowchart of the PeDGAT model. (b1)—(b3) the parameter opti-

mization for the number of training subsets for the three targets: chewiness, hardness, and adhesiveness. (b4)—(b12): Epochs parameter opti-

mization for GAT, DGAT and PeDGAT across the three targets.

In Fig. 5C, the 16 powder property of herbal powders shows the
highest probability of affecting abnormal chewiness, indicating
that the uniformity and consistency of the powder’s particle likely
play a key role in chewiness anomalies. Fig. SE indicates that the
hardness and chewiness of the He-tuo pill block are the most
influential factors contributing to hardness anomalies, suggesting
that process uniformity during He-tuo formation directly impacts
the final product’s texture. Similarly, Fig. 5G reveals that the

sucrose content in He-tuo honey significantly influences adhe-
siveness anomalies, possibly due to its effect on the pill’s sticki-
ness and cohesion during mixing. In conclusion, to address
anomalies in the big honeyed pill’s texture attributes, engineers
should focus on controlling temperatures during the honey
refining to ensure optimal sucrose caramelization, as well as
adjusting mixing times and uniformity in the He-tuo process to
maintain consistent texture in the final product.
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Figure 5

Tracing and diagnosis of quality abnormalities in Tong Ren Tang’s Niuhuang Qingxin Pills. (A) Manufacturing process and sample

source; (B), (D) and (F) Constructed Bayesian networks; (C), (E) and (G) Quality anomaly diagnosis results. Abbreviations: RH (Raw Honey),
RefH (Refined Honey), HTH (He-tuo Honey), HP (Herbal Powders), HTPB (He-tuo Pill Block), and BHP (Big Honeyed Pill).

3.2.4.
software
The software integrates data loading, Bayesian network visuali-
zation, and quality anomaly diagnosis to provide robust decision
support in pharmaceutical manufacturing (Fig. 6A). As seen in
Fig. 6B, users can easily import data, customize unit names, and
analyze production data for different stages.

The Bayesian network module enables visualization of in-
terconnections between units and incorporates expert knowledge
to revise networks, adapting them to real-world manufacturing

Development of quality anomaly tracing and diagnostic

complexities. The network creation and display features are
illustrated in Fig. 6C and D, providing a clear graphical interface
for users to view and adjust the network.

The quality tracking and diagnosis module identifies
potential causes of quality issues by calculating the
probabilities of problematic production indicators based on
predefined thresholds. These results are visually represented as
bar charts, as shown in Fig. 6E, allowing for the
straightforward interpretation of key risk factors in the production
process.
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Figure 6

3.3.  Digital multivariate process capability evaluation

3.3.1.  Digital multivariate process capability evaluation for
Tong Ren Tang’s Niuhuang Qingxin Pills

To validate the diagnostic results, fuzzy mathematical theory, the
analytic hierarchy process (AHP), and the criteria importance
through intercriteria correlation (CRITIC) method were
employed to calculate the multivariate process capability index
(MPCI) of the mixing and honey refining processes, as shown in
Fig. 7A and B. Fig. 7A outlines the 22 chemical attributes (e.g.,
pH) and 37 physical attributes (e.g., texture properties) used in
the evaluation. Fig. 7B illustrates how weights were assigned

Quality anomaly traceability and diagnostic software. (A) Software operation workflow; (B)—(E) Software interface displays.

using AHP-CRITIC. The calculation principles are detailed in
Supporting Information 1.7 and Supporting Information
Table S2. AHP-CRITIC provides a comprehensive weighting
scheme that combines expert knowledge with statistical analysis.
The comprehensive weighting scheme results are shown in
Supporting Information Table S3—S6. The MPCI of the He-tuo
and pill making process was calculated using principal compo-
nent analysis. As illustrated in Fig. 7C, the MCp values for the
mixing, honey refining, He-tuo and pill making processes are
0.71, 0.78, 0.73, and 1.02, respectively. The pill making process
shows a capability index greater than 1, indicating superior
performance, while the other processes have indices below 1.
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Figure 7

A novel digital multi-process capability evaluation system. (A) Acquisition of multi-source and multi-dimensional information. (B)

Calculation of upper and lower specification limits for quality attributes using fuzzy set theory, and comprehensive weight determination via AHP-
CRITIC. (C) Manufacturing process of Tong Ren Tang’s Niuhuang Qingxin Pills, showcasing the MPCI for each manufacturing unit.

This highlights the need to focus on temperature control in the
honey refining process and the timing of the mixing process,
aligning with the previous diagnostic results.

3.3.2.  Development of digital multivariate process capability
evaluation software

The software was developed to evaluate MPCI at various stages of
CMM manufacturing (Fig. 8A). It processes quality attribute data
from each production unit (Fig. 8al and a2) and calculates the
MPCI for each stage using the AHP-CRITIC method (Fig. 8a3),
providing a comprehensive evaluation of process capability. The
results are compiled into detailed reports (Fig. 8a4). The software
workflow is depicted in Fig. 8B, beginning with data input and
followed by normal distribution tests, weight calculations (using
CRITIC and AHP), and process capability index evaluation. As
shown in Fig. 8C, the user-friendly interface includes key functions
such as raw data visualization, normal distribution testing, sub-
jective and objective weight calculation, one-dimensional process
capability index calculation, and comprehensive MPCI computa-
tion, with real-time status updates throughout the evaluation.

3.4.  Practice innovation scenarios of the IQPD framework

To demonstrate the practical application of the proposed frame-
work, the application scenario model has been constructed as
depicted in Fig. 9. This model provides a detailed description of
the implementation of the HCP system in the production process
of big honeyed pills, revealing a complete manufacturing pathway
from raw material processing to the final production. The HCP
system is an integrated intelligent framework that combines
human expertise, cyber system, and physical processes>®*!. It is
designed to enhance manufacturing efficiency, optimize decision-
making, and achieve specific production objectives through the
seamless interaction and coordination of its components. In this
framework, the role of humans is manifested in the use of enter-
prise resource planning and manufacturing execution systems for
information processing and decision-making. The physical system
encompasses various machinery and sensors within the factory,
which are directly responsible for product manufacturing and
quality control. Meanwhile, the cyber system connects these two
components, utilizing deep learning models to predict product
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Figure 8

Digital multivariate process capability evaluation software. (A) Software development process: (al) Real-world manufacturing

process of Tong Ren Tang’s Niuhuang Qingxin Pills; (a2) Collection of samples corresponding to batch numbers from actual production and
measurement of their quality attributes; (a3) Calculation of the process capability index; (a4) Software development and report generation. (B)

Workflow of software operation. (C) Software interface.

quality and implement anomaly diagnosis through the developed
software.

Operators collect and measure samples throughout all
manufacturing processes using onboard and offline measurement
systems, thereby providing a dataset for training the model.
Engineers input these measurement data into the developed

PeDGAT to predict product quality and promptly identify
any anomalies in product quality. The software is utilized to
trace product quality at each critical point along the production
line, enabling the diagnosis of the root causes of quality
issues. This analysis guides technicians in making informed
decisions to adjust process parameters, thereby optimizing
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Figure 9

the production process. Consequently, this framework estab-
lishes a solid foundation and application model for achieving an
efficient and traceable intelligent manufacturing system for
CMM.

4. Discussion

The core of the PeDGAT model lies the construction of a graph
structure spanning multiple manufacturing stages. A Bi-LSTM
was employed to encode the graph’s long-range, sequential paths,
while the attention mechanism of a graph attention network
dynamically assigns weights to connected nodes based on their
relative importance and aggregates features according to the pre-
defined topology. This approach ultimately enables accurate
quality prediction in multi-stage manufacturing processes. A

Practice innovation scenarios for CMM manufacturing.

double-ensemble strategy was developed to mitigate the charac-
teristic instability and reliability challenges commonly encoun-
tered in small sample modeling environments. For effective
implementation across diverse small-sample and multi-stage pro-
duction processes, system-specific parameter optimization and
architecture adjustments are recommended.

1. Quality embedding model

To address feature heterogeneity in multi-unit pharmaceutical
production, an autoencoder-based cross-unit feature fusion
approach is proposed, which projects heterogeneous features into
a homogeneous dimensional space to ensure consistent node-
feature inputs for graph neural networks. For adaptation to other
small-sample scenarios, the autoencoder architecture and loss
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functions (e.g., incorporating a sparsity penalty) are adjusted ac-
cording to data dimensionality and feature patterns, thereby
achieving effective cross-unit feature fusion.

2. Graph construction and data preparation

The static graph topology defined by the edges should reflect
the process flow of the new manufacturing scenario. Edges, node
connectivity, and possible parallel steps can be reconfigured to
match the real-world production stages. The data preparation
step—where each sample is transformed into a data object that
includes the feature embedding (x), edge_index, and the target
(y)—remains unchanged, but it can be augmented with any
domain-specific attributes at the node or edge level.

3. GAT model with path encoder

The path encoder (a Bidirectional LSTM) and GAT layers can
be adapted to different levels of sequence complexity. If a process
exhibits stronger sequential dependencies, one can increase the
hidden dimension (h_dim) or consider alternative sequence
models (e.g., Transformers). For other application scenarios,
adjusting the number of attention heads or tuning model param-
eters can help mitigate overfitting in small-sample settings.

4. MC resampling training

The MC resampling strategy can be fine-tuned by modifying
the subsample ratio and the number of estimators to accommodate
the size and variability of a new dataset. In small-sample settings,
revising the early stopping criteria can further enhance model
robustness.

By adjusting these components according to the characteristics
of different small-sample manufacturing processes, PeDGAT can
provide reliable quality predictions while retaining its core ad-
vantages of feature compression, graph-based modeling, sequence
encoding, and robust model training.

5. Conclusions

In summary, this study successfully developed a multi-unit intelligent
quality prediction and diagnostic (Multi-Unit IQPD) framework
tailored for small sample scenarios. The framework comprises two
main components: a quality prediction model and a quality anomaly
diagnostic model. The quality prediction model integrates three key
elements: a process embedding pool, path encoding, and a double
ensemble strategy. The process embedding pool maps process features
into a unified feature space, while the path encoding method captures
dependencies between processes. The double ensemble strategy
further enhances the model’s ability to predict different metric values
within a small sample context. Experimental results show that
PeDGAT achieves state-of-the-art performance on small sample
datasets, underscoring its feasibility for practical industrial applica-
tions. Additionally, the quality anomaly diagnostic model combines
grey relational analysis with expert knowledge to improve diagnostic
accuracy in small sample settings. Finally, the IQPD framework, when
applied to CMM production through a HCP system, provides both
method insights and software tools for real-time monitoring and
process optimization. This innovative approach opens avenues for a
more efficient, reliable, and traceable modern pharmaceutical
industry.

While the proposed model demonstrates promising capabilities,
several improvements warrant further investigation. First, the
generalization capability of the proposed model under limited data
conditions remains constrained. To overcome this limitation,
continuous integration of newly accumulated production data is
planned, progressively enhancing predictive robustness as datasets
expand. Second, the current model utilizes a static graph structure
informed by prior process knowledge. Although this design ensures
interpretability and aligns well with domain expertise, dynamic ad-
justments or unexpected deviations frequently encountered in prac-
tical manufacturing scenarios may not be fully represented. Thus, the
incorporation of adaptive or dynamic graph neural network archi-
tectures will be explored in future research to enhance model
responsiveness to evolving production conditions. Thirdly, although
methodological viability has been rigorously demonstrated through
validation on a single pharmaceutical product, broader generalization
across diverse pharmaceutical products and manufacturing environ-
ments has yet to be assessed. Consequently, collaborations with
additional pharmaceutical partners are actively being pursued to
further evaluate and improve cross-domain adaptability. Lastly, the
current approach emphasizes independent prediction of individual
quality indicators. To better align with comprehensive quality man-
agement requirements, multi-task learning methodologies and joint-
indicator optimization strategies will be investigated in future studies,
enabling a more holistic representation of overall production quality.
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