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Abstract—Functional testing is essential for ensuring the qual-
ity of electronic products. As system complexity increases, the
cost of functional testing—particularly during the motherboard
testing stage—has risen significantly. Designing an efficient test-
ing strategy is therefore key to reducing overall testing costs.
Although data imputation methods can enhance the effectiveness
of strategies by addressing missing data, current approaches do
not adequately account for the impact of correlation information
between system modules on the input information of the data
imputation model. This oversight results in suboptimal imputa-
tion performance, making it challenging to further reduce testing
costs. To overcome this limitation, we propose a data imputation
method that integrates fault tree analysis (FTA) with eXtreme
gradient boosting (XGBoost), effectively combining system fault
mode analysis with data-driven modeling. First, faults in nonbus
data transmission are additionally considered, and an enhanced
fault tree for motherboard testing is constructed. Next, corre-
lations among system modules are quantitatively represented as
system event associations within the fault tree, based on which
the attributes requiring imputation are determined. Then, a
top–down quantitative analysis method driven by both mech-
anisms and data is introduced to infer the states of basic events
from intermediate event states. This mapping from intermediate
events to basic events reduces the proportion of missing data.
Based on this, missing values are imputed using the tree-based
XGBoost model. Experiments conducted on transformed real-
world manufacturing data demonstrate that effective testing
strategies can be dynamically developed under varying conditions
using the proposed method. Testing costs are reduced by up
to 5.64% in high-yield scenarios, 6.66% in low-yield scenarios,
and 7.07% during long-term yield fluctuations. Furthermore, the
defect level is reduced by as much as 51.02%.
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I. INTRODUCTION

THE functional test is one of the important processes to
ensure the functionality of circuit boards [1]. With the

booming electronics industry, the complexity of circuit boards
in modern electronic devices has been increasing rapidly
[2]. Consequently, the cost of functional testing has become
a significant portion of the overall manufacturing cost [3].
Therefore, reducing the cost of testing through intelligent man-
ufacturing methods has proven to be an effective strategy for
increasing the profit margin of semiconductor manufacturers
and has gained significant attention in recent years [4], [5].

For electronic products equipped with motherboards, the
functional test typically consists of two stages: the mother-
board functional test and the finished product functional test
[6]. Both stages test multiple functional items to identify any
defective boards [7]. The essential functions of the board will
be tested in both types of functional tests, while additional
functions will be tested in the finished product functional test
[8]. The testing strategy at the motherboard stage determines
which test items will be tested, usually represented as a
binary logic vector [9]. In order to effectively balance the
testing time cost and the repair cost of unidentified defective
products, the testing strategy typically only tests a portion of
the test items [10]. This results in missing data for the untested
items, and their true values can only be obtained during the
finished product testing stage several hours later [11]. This
seriously impacts the real-time adjustment of motherboard
testing strategies. Given the variable operating conditions in
actual production, a significant delay in the testing strategy
can lead to high testing costs [12]. By utilizing data imputation
methods to fill in missing data online, it is feasible to adapt the
testing strategy promptly in response to variations in operating
conditions, thus efficiently reducing testing costs.

Existing data imputation methods can be categorized into
three groups: methods relying on simple statistical analysis,
methods utilizing traditional machine learning models, and
methods employing deep learning algorithms [13]. Among
them, methods based on simple statistical analysis have low
model complexity, making it difficult to effectively impute data
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for complex manufacturing processes [14]. Methods based on
deep learning algorithms can achieve good results in fields,
such as image processing, but due to the long training time, it
is difficult to ensure the real-time nature of data imputation
[15]. Additionally, these methods have high uncertainty in
results, challenging reliability assurance in industrial manu-
facturing scenarios with stringent reliability requirements [16].
On the other hand, methods based on traditional machine
learning have advantages, such as a simple model structure,
short model training time, and strong robustness [17]. These
methods can provide stable data imputation results online,
making them the preferred choice for manufacturing data
imputation [18].

Among the data imputation methods based on traditional
machine learning models, using decision tree models is a
common approach [19]. The tree-like structure of decision tree
models provides strong interpretability, and their capability
to effectively manage missing values in discrete variables
facilitates widespread data imputation across various datasets
[20], [21]. In recent years, various types of decision tree-based
methods have been studied for data imputation. These methods
include the standard decision tree [22], random forests [23],
and tree-based eXtreme gradient boosting (XGBoost) [24].
Recent studies have shown that tree-based XGBoost is often
preferred over other types of decision tree models due to its
higher accuracy and effective control of model complexity
[25], [26], [27]. However, the existing data imputation methods
that rely on data-driven modeling often fail to fully account for
the influence of the correlation information between system
modules on the input information of the data imputation
model. This oversight leads to suboptimal imputation perfor-
mance and complicates efforts to further reduce testing costs.
If the system fault mode analysis technology can accurately
quantify the correlations between modules and integrate this
information into the data imputation model, it is expected to
enhance the accuracy of data imputation [28], [29].

Fault tree analysis (FTA) is a representative system failure
mode analysis technique [30]. Compared to similar meth-
ods, FTA can analyze system fault information through
both qualitative and quantitative analyses simultaneously [31].
Therefore, it has been widely studied and applied in various
fields, such as the aircraft industry [32] and power systems
[33]. FTA has also been explored in manufacturing processes
for fault analysis. By focusing on analyzing faults caused by
environmental and human factors, effective fault information
from manufacturing processes has been obtained [34], [35].
Considering the high level of automation in electronic manu-
facturing production lines nowadays, fewer faults are caused
by human factors, while most of the faults are caused by
manufacturing procedures [36]. Therefore, in our preliminary
work, we focused on analyzing defects caused by manufac-
turing procedures, established a fault tree for the motherboard
functional testing process, and preliminarily designed a testing
strategy for motherboards based on the analysis results [37].
However, the fault tree in the aforementioned study does not
cover a comprehensive range of defect types corresponding to
the events. This limitation complicates the effective quantifi-
cation of the correlations between the attributes that require

imputation and other attributes, necessitating further in-depth
research.

Based on the above analysis, this article integrates system
fault mode analysis with data-driven modeling techniques
and proposes a data imputation method based on FTA
and XGBoost. First, faults in nonbus data transmission are
additionally considered, and an improved fault tree for the
motherboard functional testing process is established. Then, by
quantifying the correlations among system modules as shared
basic events and specific basic events within the fault tree, the
attributes requiring data imputation are determined based on
both shared and specific basic events present in these system
events. Furthermore, a top–down fault tree quantitative analy-
sis method is developed by integrating data and mechanisms to
infer basic event states from intermediate event states, which
maps the focus of data imputation from intermediate events
to basic events. Finally, the tree-based XGBoost model is
employed to perform data imputation. Effective testing strate-
gies can be dynamically obtained under varying conditions
with the proposed method. The methods outlined in this article
are anticipated to facilitate the cost-effective and intelligent
advancement of the electronics manufacturing industry.

The arrangement of the remaining parts of this article is
as follows: Section II provides an overview of the functional
testing process and introduces the main theories involved
in the proposed methods; Section III establishes a fault tree for
the functional testing process of the motherboard, determines
the attributes to be imputed based on this, constructs a
top–down fault tree quantitative analysis method, uses a tree-
based XGBoost model for data imputation, and lists the
method evaluation criteria; Section IV verifies the effective-
ness of the proposed methods through experiments; finally, a
summary of the entire article is provided.

II. BACKGROUND

A. Introduction to Functional Testing

Functional testing is one of the most crucial tests to verify
the functionality of circuit boards. The laptop functional
test process is shown in Fig. 1, which can be divided into
two main stages: the motherboard functional test and the
finished product functional test. The motherboard functional
test mainly assesses the essential functions of the board. In the
motherboard functional test, items will be tested sequentially.
If a faulty item is identified during the testing, the motherboard
will be sent for repair. If all items are tested and none
are faulty, the motherboard will then be assembled and will
undergo the finished product functional test. The finished
product functional test will test more functions in addition
to identifying more potential defects on the motherboard. The
defective product will be sent for repair if a faulty item is
identified in the finished product functional test. Products that
pass the finished product functional test will be transferred to
the next stage of the production line.

The repair cost of a defective motherboard is lower than
the repair cost of a defective product. Therefore, designing
an efficient test strategy for the motherboard functional test
is essential for balancing the testing time cost and the repair
costs.
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Fig. 1. Flowchart of functional testing.

Fig. 2. Results of motherboard functional testing with missing data.

Most functional test strategies rely on attribute selection,
where only specific items are tested per motherboard, while
others are skipped. If all tested items pass but untested items
contain faults, the defective motherboard remains unidentified,
leading to missing identified defective motherboards. In other
words, a testing strategy that relies on attribute selection may
lead to missing data because of the presence of untested items.

In a laptop motherboard functional test, the test strategy and
results are shown in Fig. 2. For Nt test items and N boards, the
“1/0” in the test strategy denotes “to be tested” and “untested,”
respectively. The items to be tested are kept items, while the
untested items are considered redundant items. If a method can
accurately impute untested results and identify faults within
untested items, the results of the motherboard functional test
can be significantly enhanced. Data imputation is a method
used to address the missing data arising from the test strategy.

B. Basic Theories

1) Fault Tree Analysis: The fault tree is a logic diagram
that describes the causal relationships between different types
of faults and their underlying causes. FTA utilizes fault trees
for fault diagnosis and reliability analysis. The construction
of a fault tree follows a top–down approach. Initially, the
research object is analyzed to categorize system events into
intermediate events, basic events, and the top event.

The top event represents the system-level fault that system
administrators hope to avoid. In the motherboard functional
test, the top event is the motherboard being identified as
defective. By tracing back the top event and investigating its

possible causes, intermediate events can be identified, related
to module faults. Suppose the causes of intermediate events are
traced back until the causes of system events cannot be further
divided. In that case, these system events are considered basic
events, serving as the root causes of the top event.

Intermediate events typically consist of the logical con-
nection between basic events or other intermediate events,
with the logical connection represented as logic gates in
the fault tree. The logical connections primarily involve OR
and AND, corresponding to the logic gates: OR gate and
AND gate, respectively. After the fault tree is established, the
causal relationships between system events can be quantified
into Boolean expressions based on the fault tree, thereby
quantifying the causal associations between system events
using Boolean expressions. The states of the top event and
intermediate events can be translated into the logical operation
results of basic events.

2) eXtreme Gradient Boosting: XGBoost is an ensemble
learning algorithm that trains multiple base learners and inte-
grates their results into the output. XGBoost is an enhanced
version of gradient boosting decision trees (GBDTs). Each
iteration in GBDT aims to fit the residual transferred from
the previous iteration, a principle also followed by XGBoost.
Taylor’s formula is employed to compute the first-order
approximation of the loss function in GBDT. XGBoost, on
the other hand, uses Taylor’s formula to calculate a second-
order approximation of the loss function. This method is
applicable to various loss functions and leads to improved
accuracy. Moreover, XGBoost offers support for regularization
and aligned sampling.

III. METHOD

In this section, the fault tree of the motherboard functional
test is established, and the imputed attributes are then deter-
mined by FTA and stratified sampling. Following the imputed
attribute mapping method based on FTA, the missing attributes
are imputed using XGBoost. Additionally, the evaluation cri-
teria are provided.

A. Fault Tree Establishment

During the motherboard functional test, the mechanism
information of the motherboard can be analyzed to establish
the motherboard functional test fault tree, which can help
design the test strategy by improving the test strategy with
hardware connections and other intrinsic information. Set the
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Fig. 3. Simplified block diagram of a laptop motherboard.

TABLE I
TEST ITEMS OF A LAPTOP MOTHERBOARD

tested motherboard identified as defective as the top event.
Set the functional module faults as the intermediate event.
Undivided faults, such as component faults and bus faults,
are set as basic events.

As shown in Fig. 3, the HDMI and VGA connectors are
linked to the Platform Controller Hub (PCH) module through
corresponding buses. The RJ45 and card reader are linked
to the PCI-E bus through a local connection cable. WLAN,
Bluetooth, and WWAN on the PCI-E mini card are linked to
the PCH module through their corresponding buses. The lid,
keyboard, clickpad, and so on are linked to the EC module
via a local connection cable and are further connected to
the PCH module. The microphone and speaker are linked
to the audio decoder through corresponding local connection
cables and are further connected to the PCH module via
the HD Audio bus. The fingerprint reader is located on a
subboard linked to the USB bus through a local connection
cable. The USB bus links the camera and USB port to the
PCH module. The PCH module interacts with the central
processing unit (CPU) module through the DMI bus. This
laptop motherboard contains 28 essential functional modules,
corresponding to 28 test items, as is shown in Table. 1. Any

test item identified as faulty will lead to the corresponding
motherboard being identified as defective. Any subevents of a
test item’s corresponding intermediate event identified as “fail”
will lead to the test item being identified as faulty. Based on the
analysis mentioned above, all logic gates in the motherboard
functional test fault tree should be OR gates.

The laptop motherboard can be divided into four parts based
on its functional modules: the embedded controller module
(EC), the PCH, the CPU, and the essential functional module.
The EC module consists of the EC BIOS and the EC chip.
Therefore, faults in the EC module can be categorized into
two scenarios: EC BIOS fault and EC chip fault.

Due to production process issues, chip faults can be further
classified into two situations. The first issue is when the com-
ponents on the chip fail, which can be attributed to component
damage. The second issue might occur when the component is
soldered onto the motherboard; the oxidation of solder paste
or component termination may cause the pseudo-soldering
defect. This defect would weaken interconnections, making
them prone to failure under thermal cycling or vibration.
Therefore, the EC chip fault can be categorized into two types:
EC chip damage and EC pseudo soldering.

The CPU module exclusively contains the CPU chip, while
the PCH module solely incorporates the PCH chip. Conse-
quently, faults in these chips should be classified into two
categories analogous to EC chip failures: chip damage and
pseudo soldering. However, critical functional dependencies
exist: the EC module must first communicate with the PCH
module during operation, which subsequently interfaces with
the CPU module. This hierarchical connectivity implies that
EC module faults may originate from cascading failures in
either the PCH or CPU modules, while the PCH module fault
often correlates with the underlying CPU module fault.

Four primary fault modalities are observed in essential func-
tional modules: fault propagation from associated CPU, PCH,
or EC modules; component faults; bus communication failures;
and connection faults. Connection faults are data transmission
faults on nonbus data transmissions, which always co-occur
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TABLE II
INTERMEDIATE EVENTS OF THE LAPTOP MOTHERBOARD’S FAULT TREE

with component faults and bus failures, making them easily
misclassified.

The card reader resides on a PCI-E subboard, making it
susceptible to connection faults. When the PCH module broad-
casts queries, three failure modes may prevent the response.
The first possibility is that the card reader is defective, prevent-
ing it from accepting queries sent from the PCH or responding
to the PCH. The second possibility is that a bus fault or other
bus-related defects cause the bus’s data transmission to fail.
The third possibility is a connection fault. The card reader
responds while the response is blocked by the connection fault
between the subboard and the bus.

The fault tree for the motherboard functional test, as
depicted in Fig. 4, has been developed based on the analysis
mentioned earlier. The associated intermediate events and
basic events can be found in Tables II and III.

B. Imputed Attribute Determination by FTA and Stratified
Sampling

This section proposes a two-round attribute selection
method to determine attributes requiring imputation. The first-
round attribute division employs FTA to prioritize attributes
containing the most specific basic events. The second-round
attribute selection implements stratified sampling based on
the distribution of shared basic events to choose from the
remaining set, thereby incorporating supplementary basic
event information.

1) Attribute Division Based on FTA: This section pro-
poses an attribute division method based on FTA to classify
attributes, prioritizing those containing the most specific basic
events. The second-round attribute selection similarly lever-
ages the attribute division results to preferentially select
attributes with richer specific basic events.

In the motherboard functional testing, the intermediate event
state corresponding to each attribute can be translated into a
Boolean expression composed solely of basic events. Multiple
Boolean expressions may contain the same basic events, which
are defined as shared basic events in this article. Except for
these basic events, other basic events appear in particular
Boolean expressions. The latter type, whose state can only
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TABLE III
BASIC EVENTS OF THE LAPTOP MOTHERBOARD’S FAULT TREE

be inferred from one specific intermediate event, is defined as
a specific basic event in this article.

The specific basic events reflect the unique structural or
functional characteristics of their corresponding attributes.
In contrast, shared basic events, which appear in multiple
Boolean expressions, represent shared correlation information
among different system modules. Since the state of a shared
basic event can be inferred through any of the intermedi-
ate events in which it appears, its information tends to be
considered redundant or non-valuable. Conversely, the state
inference of a specific basic event depends solely on its
corresponding attribute, which must be identified first to enable
accurate inference. As the state of a specific basic event cannot
be inferred from any other attribute, it consistently provides
valuable basic event information. During attribute selection,
it is crucial to prioritize attributes containing more specific
basic events in order to reduce redundancy and enhance the
effectiveness of the data imputation process.

The above analysis concludes that compared to other inter-
mediate events, those containing more specific basic events
provide more valuable basic event information for basic event
state inference and should therefore be prioritized.

Fig. 5 shows four fault branches of the laptop motherboard’s
fault tree, namely, (a) the microphone fault branch, (b) the
speaker fault branch, (c) the PCH module fault branch, and
5(d) the CPU fault branch. As shown in Fig. 5(a) and (b), it can
be observed that when analyzing M23 and M24 individually,
each includes four specific basic events. However, X43 and X44
are present in both sets of basic events, indicating that M24
will only contain two specific basic events if M23 is considered
a kept item.

Fig. 5(c) illustrates the PCH module fault branch. It can
be observed that the subevents of intermediate event M31 are
intermediate event M29, basic event X56, and X57. These two
basic events only appear directly in the basic event set of M31,
indicating that M31 contains two specific basic events.

Based on the aforementioned attribute division method, the
corresponding intermediate events of test items are classified

Fig. 5. Four fault branches of the laptop motherboard’s fault tree.
(a) Microphone fault branch. (b) Speaker fault branch. (c) PCH module fault
branch. (d) CPU fault branch.

TABLE IV

FIRST-ROUND ATTRIBUTE DIVISION RESULT BASED
ON SPECIFIC BASIC EVENTS

into four categories, containing one, two, three, and four
specific basic events individually. Test items of corresponding
intermediate events in the first and second categories should be
labeled as initially kept items. Additional kept items selected
during the second-round attribute selection should be selected
from the third category as a priority. X12 appears in the basic
event sets of multiple intermediate events, while intermediate
events in the first and second categories do not contain it. To
facilitate the selection of the second round, the corresponding

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on August 24,2025 at 01:16:22 UTC from IEEE Xplore.  Restrictions apply. 



1770 IEEE TRANSACTIONS ON COMPONENTS, PACKAGING AND MANUFACTURING TECHNOLOGY, VOL. 15, NO. 8, AUGUST 2025

test item of M6 is also designated as an initially kept item.
The results of the first-round attribute division are shown in
Table IV.

2) Imputed Attribute Selection Based on Stratified Sam-
pling: In the second-round selection, attributes are grouped
and selected based on the structure of their subevents. Specif-
ically, attributes containing the same shared basic events
are grouped together to reflect associations between system
modules. To avoid redundant propagation of nonvaluable basic
event information and to ensure a balanced distribution of
basic event information across attribute sets, stratified sam-
pling is employed for further selection among attribute sets
with significant differences.

Conventional attribute selection methods, such as those
based on information gain, often rely heavily on the prior
probabilities of basic events, which are collected from his-
torical data. As a result, attributes associated with frequently
occurring basic events tend to be selected repeatedly, leading
to an uneven distribution and high redundancy of valuable
basic event information. Moreover, such methods often over-
look the structural associations between basic events, making
it difficult to capture the intermodule relationships reflected
by basic events. In contrast, stratified sampling can divide
attributes into sets based on the structural composition of basic
events, and samples are drawn from each group proportion-
ally, taking into account both sample size and significance.
This approach enhances the balance of valuable basic event
information across the selected attributes while retaining cor-
relations between intermediate events, thereby aligning better
with the goals of the second-round selection.

In this study, third-category intermediate events from the
first round are divided into five sets based on subevents.
The first set contains M3 and M27; these intermediate events
include M29 and two specific basic events within their
subevents. The second set contains M11, M12, M13, M14,
M15, and M16; these intermediate events include M30 and two
specific basic events in their subevents. The third set contains
M8; this intermediate event contains M7, M31, and two specific
basic events in its subevents. The fourth set contains M19
and M20; these intermediate events include M31, X12, and two
specific basic events in their subevents. The fifth set contains
M1, M2, M9, and M24; these intermediate events include M31
and two specific basic events in their subevents.

Intermediate events are then randomly selected from each
set based on the proportion of intermediate events within that
stratum. At last, test items of intermediate events selected in
the second-round attribute selection are added to the initially
kept items set. Other test items are set as final redundant items,
which contain the missing data to be imputed.

After determining the attributes to be imputed, the attribute
selection strategy can be established. For a given total number
of motherboards (denoted as N) and a total number of test
items (denoted as Nt), the testing strategy is represented as S ∈
{0, 1}N×Nt , where the strategy for the ith motherboard’s jth test
item is denoted as S i, j. The motherboards with earlier indices
are treated as the initial sample set, and all test items for all
motherboards in this set will be tested. For subsequent samples
following the initial sample set, only kept test items will be

tested. Only when the ith motherboard is not in the initial
sample set and the jth test item is a redundant test item, will
S i, j be set to 0, indicating that the corresponding test item for
the corresponding motherboard will not be tested. In all other
cases, S i, j will be set to 1, indicating that the corresponding
test item for the corresponding motherboard will be tested.

C. Imputed Attribute Mapping Method Based on FTA

In this section, a top–down quantitative analysis method
based on the fault tree is proposed for data imputation, which
infers the basic event states from intermediate event states.
This maps the focus of data imputation from intermediate
events to basic events, enhancing the accuracy and informa-
tion utilization efficiency of the imputation process. In this
approach, historical repair data are first statistically analyzed
to obtain the prior probabilities of all basic events. Then, using
the states of intermediate events, the posterior probabilities of
basic events are calculated, enabling the inference of basic
event states. The prior probability of a basic event refers
to its occurrence probability estimated from historical data.
The posterior probability of a basic event is the conditional
probability derived by combining its prior probability with
intermediate event states.

As illustrated in two cases of intermediate events, the
structural and hierarchical information of the fault tree allows
for the transfer of basic event information from intermediate
events to the basic event state inference, thereby achieving a
mapping from intermediate event states to basic event states.
In this process, the associations between system modules
reflected by shared basic events play a crucial role in the
inference, as the inclusion of such associations allows for
a more comprehensive capture of the dependencies between
basic events.

As shown in Fig. 5(a), assuming that the states of M23 and
M31 are known. If the state of M23 is “pass,” then the states of
X41, X42, X43, and X44 are all “pass.” Conversely, if the state
of M23 is “fail,” then the states of X41, X42, X43, and X44 will
fall into the following cases.

1) If the state of M31 is “fail,” then the states of X41, X42,
X43, and X44 do not affect M23 and cannot be inferred
from M23. The posterior probabilities of X41, X42, X43,
and X44 are determined by the prior probabilities col-
lected from repair data.

2) If the state of M31 is “pass,” then at least one of the
states of X41, X42, X43, and X44 is “fail,” which falls
into the following cases.

a) One of the states of the four basic events is “fail.”
b) Two of the states of the four basic events are “fail.”
c) Three of the states of the four basic events are

“fail.”
d) All of the states of the four basic events are “fail.”

Equations (1)–(3) can be obtained from the aforementioned
analysis as follows.

Fig. 5(d) shows the CPU fault branch of the motherboard
fault tree. Assume the state of M29 is known. If the state of
M29 is “pass,” then both the states of X51 and X52 are “pass.”
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If the state of M29 is “fail,” then at least one of the states of
X51 and X52 is “fail,” which falls into three cases.

1) The state of X51 is “fail,” and the state of X52 is “pass.”
2) The state of X51 is “pass,” and the state of X52 is “fail.”
3) The state of X51 is “fail,” and the state of X52 is “fail.”
Equations (4) and (5) can be derived from the analysis above

in the following manner:

P(X41 = 1,X42 = 1,X43 = 1,X44 = 1|M23 = 1) = 1 (1)
P(X j = i|M23 = 0,M31 = 0) = P(X j = i)

i = 0, 1, j = 41, 42, 43, 44 (2)
P(X41 = i,X42 = j,X43 = k,X44 = l|M23 = 0,M31 = 1)

=
P (X41 = i,X42 = j,X43 = k,X44 = l)

1 − P(X41 = 1,X42 = 1,X43 = 1,X44 = 1)
i, j, k, l = 0, 1 ∧ i + j + k + l < 4 (3)

P(X51 = 1,X52 = 1|M29 = 1) = 1 (4)

P(X51 = i,X52 = j|M29 = 0) =
P(X51 = i,X52 = j)

1 − P(X51 = 1,X52 = 1)
i, j = 0, 1 ∧ i + j < 2. (5)

After the first-round attribute division, the number of ini-
tially kept items was 4. During the top–down quantitative
analysis, to facilitate the inference of basic event states,
intermediate events M29, M30, and M31 should be inferred
first. For these intermediate events, at least two attributes
containing these intermediate events are required to infer the
states accurately.

For M31, all test items in the initially kept items contain it.
Concerning M30, one of the test items in the initially kept items
contains it, and all test items in the second set of the second-
round attribute selection contain it. Regarding M29, none of
the test items in the initially kept items contain it, but both
test items in the first test item set in the second-round attribute
selection do. Consequently, two test items from the first set in
the second round will be chosen as the final kept items to
simplify the second-round attribute selection process.

The posterior probabilities of basic events are determined
through top–down quantitative analysis. Using this method, the
states of intermediate events can be translated into the logical
operation results of basic event states. Following this imputed
attribute mapping process, the focus of data imputation maps
from corresponding intermediate events of attributes to basic
events, and the imputed data change from missing attributes to
unknown basic events. As a result, the proportion of imputed
data is reduced. In the attribute selection method, this approach
not only emphasizes specific basic events but also retains
shared basic events between attributes. Therefore, the mapping
from intermediate events to basic events not only reduces the
proportion of missing data but also preserves the intermodule
associations, improving the accuracy of the imputation.

D. XGBoost-Based Data Imputation

In the process of imputing missing data for unknown basic
event states, two major challenges arise: first, the feature
space consists solely of discrete variables; second, there exists
significant data imbalance in the distribution of basic event

Fig. 6. Feature importance evaluation. (a) Feature importance
evaluation—weight. (b) Feature importance evaluation—gain.

states. To address these issues, this article introduces the
XGBoost model for predicting unknown basic events. On
the one hand, XGBoost, which is built on decision trees,
can directly handle discrete feature states, thereby eliminating
the need for feature encoding during the preprocessing stage.
This capability not only improves modeling efficiency but also
enhances prediction accuracy due to its native support for
discrete variables. On the other hand, the ensemble framework
of XGBoost effectively mitigates the impact of imbalanced
data distributions on model performance. Furthermore, its
incorporation of regularization techniques improves general-
ization, while the use of second-order gradient information
enhances both computational efficiency and the precision
of loss function optimization. Based on these advantages,
XGBoost is employed in this article for predicting unknown
basic event states.

Basic events of kept items are designated as an input
for XGBoost, while the remaining unknown basic events
are designated as an output for XGBoost. The number of
base learners in XGBoost in the proposed and comparative
methods is 15. The parameter “max depth” is set to 6.
The parameter “learning rate” is set to 0.02. The parameter
“early stopping rounds” is set to 5.

Fig. 6 presents the feature importance evaluation through
two metrics: weight and gain. Weight quantifies the frequency
of a feature being selected as a splitting node across all
decision trees, while the gain metric measures the average pre-
diction improvement achieved by splits involving that feature.
Both subfigures systematically display the top 15 influential
features, each mapped to a basic event. Features x19, x27,
x15, x7, and x24 demonstrate the highest importance scores,
with x19 emerging as the most critical feature. Conversely, x25
consistently ranks as the lowest-impact feature. The feature
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importance analysis establishes a direct correlation between
feature selection and system failure mechanisms, thus offering
actionable guidance for future method refinement.

E. Evaluation Criteria

To evaluate the total cost during the motherboard functional
testing, this article employs the average cost (denoted as c)
as an evaluation criterion, which is defined as the weighted
sum of the average testing time (denoted as t) and the average
repair cost (denoted as r), with the specific calculation method
detailed in the following equations:

c = t + ω · r (6)

t =
1
N

NX
i=1

NtX
j=1

(ti, j|S i, j = 1) (7)

r =
NB · r

N
(8)

where ω denotes the weight applied in the calculation. The
average testing time, denoted as t, indicates the mean testing
duration for each motherboard, calculated from the testing
times ti, j of various test items and the corresponding values
of the testing strategies. The average repair cost, r, is derived
from the average repair cost of a single defective motherboard
(denoted as r), the total number of missing identified defective
motherboards NB, and the overall number of motherboards
tested.

IV. CASE STUDY

This section introduces the experiment for testing processes
with different yields and analyzes the experimental results. All
experiments were performed on a computer running Windows
10, equipped with 16 GB of RAM and a 2.50-GHz CPU. The
experimental results of the proposed method are compared
with six other methods.

1) ADO: This method tests only the selected items deter-
mined through the attribute determination method, while
other redundant items remain untested and will not be
imputed. This method does not involve data imputation.

2) XGB: This method identifies test items with low yield as
kept items and considers other test items with high yield
as redundant items. In contrast, the proposed method
uses the attribute determination method. Kept items are
identified as the input of XGBoost, while redundant
items are identified as the output of XGBoost. This
method is hereafter referred to as XGB.

3) NAM: Compared to the proposed method, this method
suggests eliminating the imputed attribute mapping
method based on the fault tree.

4) RF: Compared to the proposed method, this method is
a modified approach that replaces XGBoost with the
random forest (RF).

5) MICE: Multivariate imputation by chained equations
(MICE) iteratively predicts missing values per vari-
able using other features, generating multiple imputed
datasets through cyclical updates. Its random sampling
mechanism introduces variation across imputations, with

the final results aggregated from these probabilistic
imputations. In this article, MICE is implemented to
impute unknown basic [38].

6) SAITS: The self-attention-based imputation for time-
series (SAITS) method learns missing values through
weighted combinations of two diagonally masked self-
attention (DMSA) blocks. The DMSA architecture
explicitly captures both temporal dependencies across
time steps and feature correlations, thereby enhancing
imputation accuracy while accelerating training conver-
gence. The weighted combination mechanism enables
SAITS to dynamically assign weights learned from dual
DMSA blocks based on attention maps and missing
patterns. In this article, SAITS is implemented to impute
unknown basic events [39].

A. Data Generation

To protect commercial confidentiality, this article is not
authorized to display real-world manufacturing data directly.
Therefore, it utilizes transformed data derived from the orig-
inal dataset. These transformed data have been authorized
for both use and publication. The transformation process
strictly adheres to the procedure outlined in the following.
The column indices representing intermediate events in the
dataset were shuffled, thereby altering their mapping to test
items. Similarly, the same shuffling process was applied to
the dataset containing basic event states. The transformation
process involved solely the shuffling of column indices in the
numerical tables of the original dataset, with no additional
forms of data transformation. As a result, the overall data dis-
tribution remained unchanged, and the transformed data retain
the same distribution characteristics as the original dataset.
This approach to data transformation does not introduce any
bias and has no significant impact on the validity of the method
evaluation.

Due to data-sharing restrictions imposed by the collab-
orating enterprise, the real-world manufacturing data were
insufficient to fully validate the proposed method. To
overcome this limitation, additional transformed data were
synthesized based on the causal relationships among system
events identified through FTA in Section III-A and guided by
the statistical properties of the original transformed data. The
synthesized dataset follows the same distribution to ensure
transparency and impartiality and is used solely to augment
the original dataset. Collectively, both sets of data are referred
to as the transformed data.

Based on the results of the aforementioned FTA, the dataset
for the motherboard functional testing comprises 57 basic
events, which are associated with 33 intermediate events and
further mapped to 28 test items. The detailed correspondence
among these events is presented in Section III-A. Basic events
are listed in Table III, intermediate events in Table II, and test
items in Table I. In the transformed data, the table containing
the prior probabilities of basic events consists of 57 columns,
each corresponding to one basic event. The specific prior
probabilities (denoted as pd) are provided in Table V.

Hyperparameter tuning for decision tree-based machine
learning models is crucial for maximizing model efficacy,
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TABLE V

PRIOR PROBABILITIES OF BASIC EVENTS IN FAULT TREE WITH DIFFERENT YIELDS

primarily categorized into three groups: general parameters,
booster parameters, and task parameters. For XGBoost imple-
mentations, general parameters include base learner configura-
tions, while task parameters govern learning objectives, train-
ing data specifications, and evaluation metrics. Booster param-
eters demonstrate the most significant impact on performance,
encompassing learning rate(learning rate), number of base
learners (n estimators), maximum tree depth (max depth),
minimum child node weight (min child weight), loss
reduction threshold (gamma), class balancing coefficient

(scale pos weight), subsampling ratio (subsample), and
regularization weights (alpha for L1 and lambda for L2
regularization).

Following conventional practice, this study employs grid
search for systematic hyperparameter optimization, imple-
mented through the integrated GridSearchCV module in
scikit-learn 8.0. To address the severe data imbalance,
oversampling and data concatenation were applied during
preprocessing, with subsequent model evaluation adopting the
ROC-AUC metric for comprehensive performance assessment.
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The grid search protocol initiates with defining param-
eter search spaces, prioritizing accelerated convergence
through an initial learning rate setting of learning rate
=0.2. Subsequent optimization follows a sequential hierar-
chy: first determining optimal n estimators within [5, 10,
15, 20, 25, 30] through cross-validated fitting and then
refining max depth (range: 2–10) and min child weight
(range: 1–6), followed by gamma adjustment and subsample
tuning.

After finalizing each parameter combination, the fit function
of GridSearchCV is called to iteratively determine the optimal
value for each hyperparameter. Evaluation metrics include
mean test score, std test score, and rank test score, rep-
resenting average scores during multiple testing, variance
between test scores, and the scores’ ranks. Definitive parameter
combinations are extractable via the best params function
in GridSearchCV, which is n estimators =15, min child
weight = 3, and max depth =6 in the proposed method.
This structured approach ensures systematic exploration
of parameter interactions while maintaining computational
efficiency.

When considering the characteristics of the missing iden-
tified defective motherboards, all results of kept items and
corresponding basic events show “pass.” Therefore, for these
motherboards, all basic event states in the input are “pass.” To
enhance prediction accuracy, the proposed method introduces
random values that align with the prior probabilities of basic
events. The number of columns added to the input corresponds
to the number of unknown basic events. The values in these
columns are randomly set to “pass” or “fail” based on the
respective prior probabilities. The proposed method oversam-
ples defective boards in the initial 50000 boards, which are
utilized to train the XGBoost model. This method can increase
the number of defective samples in the training set.

B. Results Analysis of the Test Outcome With High Yield

In this section, the superiority of the proposed method is
validated through a high-yield testing process, with the basic
event prior probabilities presented in the second column of
Table V.

It should be noted that the number of test items in the first,
third, and fourth sets of the second-round attribute selection
is relatively low. Assuming all test items in these sets are
selected proportionally, three test items should be selected
from the second set, and two should be selected from the
fifth set proportionally. In this situation, the number of kept
items is 14; thus, the appropriate number of kept items is set
as 14 for now. To compare the impact of the number of kept
items, 14 is set as the median and will be compared with
11, 16, and 18. Use the first 50000 mainboards as the initial
sample set and test all test items for each sample. Subsequent
samples will only test the kept items. The results of comparing
different numbers of kept items under a testing process with
high yield are shown in Table VI, where “dppm” represents the
defects per million. The problem-solving time of all methods
is presented in Table VII.

As evidenced in Table VI, reducing the number of kept
items increases the defect level. Balancing average cost and

defect level requires careful equilibrium, where average test
time, the primary factor affecting average cost, correlates
directly with the number of kept items. Key observations
reveal: when decreasing kept items from 14 to 11, defect level
surges by 94 dppm; conversely, increasing to 16 items yields
merely a 19-dppm improvement. Further escalation to 18
items achieves an 80-dppm reduction. Cost-efficiency suggests
optimal kept item selection should either minimize items
while meeting defect thresholds or prioritize configurations
with significant attenuation in the decrease of defect level.
The marginal 80-dppm improvement from 16 to 18 items
proves less impactful than the 94-dppm penalty from 14 to
11 items, while variation between 14 and 16 items remains
negligible. Consequently, 14 kept items emerge as the optimal
configuration. In the subsequent experiments, the number of
kept test items for each method is set to 14.

When the number of kept items is set to 14, defect levels
decrease by 51.02% compared to attribute determination only
(ADO) and 29.91% compared to XGB. These findings high-
light that test strategies relying on a single model are subject
to the constraints of that model. Compared to no attribute map-
ping (NAM), the proposed method shows a 26.00% decrease in
defect levels, demonstrating the effectiveness of the imputed
attribute mapping method based on FTA. When comparing
the proposed method to RF, the defect level reduction is
26.00%. This finding indicates that the XGBoost model is
more appropriate than the random forest for data imputation in
the motherboard functional test. When comparing the proposed
method to MICE and SAITS, the defect level reductions are
25.31% and 23.15%. This result proves the usability of the
proposed method under highly unbalanced situations like the
motherboard functional test.

When it comes to average cost, there is a 5.64% decrease
compared to ADO, a 2.39% decrease compared to XGB,
a 1.98% decrease compared to NAM, a 1.98% decrease
compared to RF, a 1.91% decrease compared to MICE, and
a 1.70% decrease compared to SAITS. This decrease seems
small because the average test time affects the average cost
the most. However, the numbers of kept items determined by
different methods are always different in actual situations. The
average cost of the proposed method with different numbers
of kept items shows a significant reduction.

Regarding problem-solving time, the proposed method is
inferior to NAM and XGB but superior to RF, MICE, and
SAITS. The ADO method does not utilize a machine learning
model and does not require a calculation after the determi-
nation of the imputed attribute. Thus, it does not have a
problem-solving time. MICE and SAITS cannot meet the real-
time adjustment problem due to the long problem-solving
time.

C. Results Analysis of the Test Outcome With Low Yield

In this section, the proposed method is validated through
a testing process characterized by a relatively low yield. The
corresponding basic event prior probabilities are listed in the
third column of Table V, and the results are presented in
Table VIII.
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TABLE VI

EVALUATION CRITERIA WITH HIGH YIELD OF DIFFERENT METHODS

TABLE VII

PROBLEM-SOLVING TIME OF DIFFERENT METHODS

TABLE VIII

EVALUATION CRITERIA WITH LOW YIELD OF DIFFERENT METHODS

The defect level of the proposed method has increased from
239 to 393 dppm. The defect level of the proposed method
is 43.94% lower than ADO, 29.82% compared to XGB,
15.85% compared to NAM, 15.85% compared to RF, 15.12%
compared to MICE, and 13.25% compared to SAITS. When it
comes to average cost, there is a 6.66% decrease compared to
ADO, a 3.72% decrease compared to XGB, a 1.69% decrease
compared to NAM, a 1.69% decrease compared to RF, a 1.60%
decrease compared to MICE, and a 1.37% decrease compared
to SAITS.

TABLE IX
EVALUATION CRITERIA WITH LONG-TERM YIELD VARIATION

OF DIFFERENT METHODS

It can be seen that the defect level of the proposed method
increased compared to the defect level with high yield, but
it still achieved outstanding performance compared to other
methods. The proposed method’s reduction in the defect level
compared to other methods is consistent with that under high
yield.

D. Results Analysis of the Test Outcome With Long-Term
Yield Variation

To simulate long-term operational changes, the experimental
dataset comprises 500000 motherboards, divided into three
units of 150000 boards each. Within each unit, the basic event
prior probabilities vary sequentially according to Columns 4
through 6 of Table V, with the final 50000 boards reverting
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to the values in Column 4. This configuration results in nine
shifts in prior probabilities, effectively extending beyond the
variations captured in the original transformed data.

Comparative methods persistently tested all items on the
initial 50000 motherboards but subsequently only kept items
without model retraining. An additional comparative method
“proposed method-static” is introduced, maintaining the initial
imputation model trained on the first 50000 motherboards
without subsequent updates. In contrast, the adaptive imple-
mentation of the proposed method conducts full retesting
and model retraining every 150000 motherboards, generating
three specialized imputation models, respectively, applica-
ble to motherboards 50001–150000, 200001–300000, and
350001–500000.

In real-world manufacturing, the motherboard functional
test procedure comprises 12–18 test stations handling an aver-
age testing time of 141.26 s per motherboard, as documented
in Table VI, meaning that the minimum test interval is 7.85 s.
In real-time adjustment analysis, Table VII highlights that
the proposed method achieves a problem-solving time of
3.90 s, outperforming the minimum test interval (7.85 s).
In contrast, the problem-solving times for MICE (171.45 s)
and SAITS (557.31 s) both exceed the minimum test interval.
Therefore, the proposed method meets the real-time adjust-
ment time requirements in industrial production, while the
problem-solving times of the comparison methods MICE and
SAITS do not meet the real-time constraints. As evidenced in
Table IX, the adaptive approach significantly reduces defect
level compared to static methods, with periodic retraining
effectively counteracting performance degradation caused by
long-term yield variation.

The experiments mentioned above demonstrate that the
proposed method, based on FTA and XGBoost, is effective.
The proposed method is superior to all other comparative
methods in reducing the cost of the motherboard functional
tests and defect levels. This is particularly true when dealing
with a production process with long-term yield variations or a
relatively low yield. The reduction in defect levels is evident
and consistent. The experimental results demonstrate that the
proposed method is superior to ADO, XGB, NAM, RF, MICE,
and SAITS in reducing defect levels and average cost. The
experimental results also show that the proposed method is
more efficient than RF, MICE, and SAITS in problem-solving.
When the number of kept items is set to an optimal value of
14 in this article, the proposed method significantly reduces
average costs while maintaining an acceptable defect level.

V. CONCLUSION

This article addresses the limitations of the existing data
imputation methods, which inadequately consider the influence
of correlation information between system modules on the
input information of data imputation models, resulting in
suboptimal imputation performance and limited cost reduction
in functional testing. By integrating system fault mode analysis
with data-driven modeling, a low-cost data imputation method
based on FTA and XGBoost is proposed. First, an improved
fault tree oriented toward the motherboard functional testing
process, which considers faults in nonbus data transmissions,

is established. Next, attributes requiring data imputation are
determined based on the fault tree structure, considering the
correlations between attributes and basic event information.
Furthermore, a hybrid data- and mechanism-driven top–down
quantitative analysis method for the fault tree is introduced.
This method infers basic event states from intermediate event
states, mapping the focus of data imputation from intermediate
events to basic events. Finally, the tree-based XGBoost model
is utilized to impute unknown data. Experiments conducted on
transformed real-world manufacturing data demonstrate that
effective testing strategies can be dynamically derived under
varying conditions using the proposed method. Testing costs
are reduced by up to 5.64% in high-yield scenarios, 6.66%
in low-yield scenarios, and 7.07% during long-term yield
fluctuations. Furthermore, the defect level is reduced by up
to 51.02%. Given that laptop motherboards and other types
of motherboards typically feature a modular design and clear
structural organization, the proposed FTA method is able to
extract causal fault relationships across various motherboard
types, demonstrating its broader applicability beyond just
laptops.
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