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Abstract The exponential growth of the electronics packag-
ing industry has fueled the availability of a variety of area array
packages. The reliability of these packages, as characterized by
their capacity to withstand the IPC- (formerly Institute of Inter-
connecting and Packaging Electronic Circuits) prescribed swings
in temperature, differentiates one from the other. With design cy-
cles shrinking and competition surging, the capability to make
instant package selection decisions by leveraging prior empir-
ical data could pose as a potential alternative for exhaustive
experimentation. By employing expert systems techniques, this
research developed suitable models that accurately depict field
conditions in order to assist in delineating trends in package re-
liability data.

The fatigue behavior of the solder joints subjected to acceler-
ated thermal cycling is often used as an indicator of the reliability
of electronic packages in field conditions. Design for reliability
(DFR) could be pursued if the thermal fatigue behavior can be
predicted in the design phase of a product. The finite element
method (FEM) and accelerated testing such as air-to-air thermal
cycling (AATC) have been used extensively to study second-
level package reliability. Factors like incorrect assumptions or
unknown material properties involved in the development of the
FEM models are the cause of deviations between actual and pre-
dicted values The mathematical complexity and the time needed
for model development further aggravate the situation.

The focal point of this research was to develop a generic
method that could be used to predict the second-level solder joint
reliability of area array packages from the analysis of empiri-
cal data. While package characteristics play an important role in
identifying the similarities between various subsets of packages,
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the role of assembly parameters is crucial in terms of their impact
on reliability. Weights, in terms of the parameters’ impact on re-
liability, are computed by examining each individual experiment.
Based upon identified trends and the separation of qualitative and
quantitative impact of the contributing parameters, regression
models may be developed to capture the second-level reliabil-
ity behavior of the package. These models make it possible to
predict reliability and potentially save time and resources for an
end-user.

Keywords Accelerated testing · Electronics
manufacturing · Expert system · Knowledge-based
systems · Reliability prediction

1 Introduction

Evaluating the reliability of electronic packages that have been
assembled on to printed circuit boards (PCBs) through acceler-
ated methods generates huge volumes of data. These data sets
could be effectively leveraged to understand their behavior vis-
à-vis second-level, or solder joint, reliability. The estimated reli-
ability of an individual electronic component leads to the iden-
tification of critical issues relating to the entire PCB assembly,
thereby influencing many financial and marketing decisions that
relate to the product. Hence, the investment of both time and re-
sources in a well-structured reliability enhancement program is
adequately justified by the prospect of huge tangible as well as
intangible losses in the event such research is overlooked at the
product development stage. Losses may range from the cost as-
sociated with returned or reworked goods to a drop in customer
goodwill. Therefore, it is imperative to build suitable models or
conduct extensive tests that provide an upper bound on the ex-
pected second-level (solder joint) reliability.

Many prediction mechanisms and mathematical models have
been proposed to parameterize the behavior of the solder joint
under thermal cycling [1–3]. Air-to-air thermal cycling (AATC)
of the test assembly, especially in the case of chip scale packages



(CSPs) and ball grid arrays (BGAs), is an irreplaceable base-
line that is used to compare the accuracy of the aforementioned
models. However, using thermal cycling as a measure of the ac-
celerated test performance is fraught with many difficulties, such
as the time involved and the gamut of experiments that need to
be conducted to reach a statistically significant conclusion. The
rapid development and evolution of electronic packages has re-
sulted in a wide variety of packages being available, making the
choice of a reliable package increasingly difficult for a design
engineer. The prolonged process of testing may have to be re-
peated for every new package. However, this may not be the most
efficient alternative to get a quick estimate of reliability and its
associated trends.

The finite element method (FEM) has been exhaustively used
to capture the dynamics of solder joint failure through fatigue.
The volume of the solder joint is divided into many elements,
for which constitutive equations have been derived for inelas-
tic strain energies caused by cyclic thermal stress conditions that
eventually lead to fatigue. More information about these studies
could be found in [1, 4]. Though these models are cost-effective,
they may be of varying complexities involving several assump-
tions. One common assumption is that the material properties of
the solder joint do not vary during thermal cycling. The ranges
considered on strain or strain energy may sometimes be insuffi-
cient. This is coupled with the use of complex differential equa-
tions that govern the mechanics of each considered element. The
calculations involved need to consider effects from neighbor-
ing solder bumps and the interactions that may influence failure
conditions. This translates into a problem with huge computa-
tional complexity that takes several hours to solve on high-end
workstations. Further, several workstation models may neglect
micro-structural growth as well as crack growth and propagation.
The model-building process is also theoretically complicated and
requires several man-hours of domain experts before the model
is set on a platform to run. Modeling is iterative in nature and
needs continuous monitoring by experienced analysts who have
the capability to interpret the results and fine tune the model [5].

Other modeling techniques that have been documented in lit-
erature use failure data from cycling experiments performed on
several component types to extract the correlation between in-
elastic strain energy and cycles-to-failure per unit cross-sectional
area of the solder joint [6–9]. This innovative procedure has been
compared with traditional FEM models and is known to pro-
duce similar or close results. But the main drawback is that the
model building process mentioned above can only be done by
domain experts. Though the model may be a fast turnaround de-
sign tool for known components, it may by itself not be adaptive.
Hence, it may require additional work and experimentation for
use with newer components. However, the question remains how
to quickly assess the reliability of an electronic assembly based
on the data available from prior experimentation with the help
of observed similarities in terms of the component characteristics
and the parameters of the experiment. The approach described in
this paper uses data-mining-assisted trend- extraction algorithms
on cataloged data and generates reliability prediction using adap-
tive expert system architecture [10].

2 Problem statement and research objective

The explosive growth of the electronics packaging industry has
made a whole gamut of area array packages available in the mar-
ket. As a result, engineers across different rungs in this field
are faced with the significant challenge of estimating the relia-
bility of electronics packages, and selecting those that best suit
their needs. One alternative is to exhaustively test every possible
package. However, this approach may be inappropriate for some
circumstances. On the other hand, an extensive variety of pack-
ages that consistently exhibit similarity to one another, both in
terms of construction and reliability behavior, have been eval-
uated over many years at the facility where this research was
conducted. The objective of this research effort was to utilize the
comprehensive data bank that was available on the second-level
reliability of area array packages in conjunction with analyti-
cal techniques to form the knowledge base of a cost-effective,
“intelligent”, predictive tool that could potentially save time for
a large number of engineers in this field. To this end, an adaptive
expert system was built to assist decision-making by predicting
the second-level solder joint reliability for engineers in the field
of design, manufacturing, reliability testing, and failure analysis.
This expert system can:

1. Support input and storage of component characteristics, ex-
perimental and test conditions, failure data, and test status;

2. Conduct failure analysis and estimate distribution parame-
ters;

3. Predict the reliability of a test component (provided the test
sample has similar attributes to the samples that exist in the
database);

4. Identify deficiencies the available data set, thereby assisting
with the planning of subsequent experiments;

5. Automatically adapt the knowledge base on reliability trends
for new components;

6. Provide a mechanism to compare the relative importance of
experiment/component parameters;

7. Make available a suitable testing ground for “what-if sce-
narios” (e.g., what is the effect of a 1.57-mm (62-milliinch)
substrate versus a 2.36-mm (93-milliinch) substrate on Pack-
age A’s reliability? How does an increase in substrate pad
diameter affect reliability?).

3 Research methodology

The expert system developed in this research works in conjunc-
tion with several assisting algorithms that discover and enhance
reliability-related knowledge by using heuristic techniques on
the experimental data. Knowledge that is extracted is fed back
into the system, so that the system can update its configuration
and use the latest information for further analysis. This imparts
intelligence to the expert system besides making it adaptive to
changes in the knowledge base. For any given component (as-
suming a suitable “database match” exists), the system isolates
a similar component, weighs the important parameters that af-



fect reliability, identifies a similar experiment for the matching
component, and uses it as a baseline for scaling the reliability of
the requested parameter. The expert system described in this pa-
per provides a generic methodology that can be adapted to other
systems with very few changes. However, as far as this research
is concerned, the application area is focused on the domain of
electronics packaging.

The reliability prediction methodology has been programmed
into a user-friendly software module. This module is part of
a larger expert system that addresses various other aspects in-
cluding assembly yield and board routing. This paper focuses on
the prediction sequence and hence does not discuss the software
engineering aspects of the program. Also, this paper uses the
terms accelerated test performance and reliability interchange-
ably, but all references relate to the former.

3.1 Reliability testing

In order to estimate the reliability of products, samples are typ-
ically tested in laboratory environments under prescribed condi-
tions [1]. In most cases, it may take a time for the product to
fail. To accelerate the test failure, samples are often subjected
to temperature/mechanical stress regimes similar to actual field
conditions, however on an abbreviated time scale. Depending on
the area of application, methodologies or scaling factors that cor-
relate laboratory and actual life estimates may be available.

The first step in creating a reliability program is to iden-
tify the appropriate test environments. Careful consideration has
to be given to the actual operating conditions of the product.
Harsher operating conditions may necessitate more strenuous
tests. In accelerated testing, a predetermined number of prod-
ucts are tested while the electrical connectivity of the assembly
is monitored by means of computerized data logging equipment.

Fig. 1. Reliability plot of a CSP after thermal
cycling

The sample size of the test is often small because the testing is
destructive in nature and expensive in terms of the test equip-
ment. As and when failures occur, the time to failure (in cycles)
is noted. The test is continued until a predetermined number of
all products fail or until a set number of accelerated cycles have
been completed. In either case, there need to be enough failures
to utilize mathematical methods such as maximum likelihood es-
timators (MLE), least-squares method, Weibayes method, and
the Kaplan-Meier method to obtain a statistical estimate of the
characteristic life of the product [11].

Failure data can often be fitted to a suitable probability distri-
bution to estimate the product life. Failure mechanisms may be
classified into time-zero or early failures (attributed to manufac-
turing defects) and fatigue (wear out) failure.

Additionally, literature suggests a third mechanism, which is
the transitioning of a solder system from a ductile fatigue fail-
ure to an interfacial solder to the attachment pad [1]. Results
should be screened rigorously to eliminate early manufacturing
defects, metallurgical non-solder-fatigue failure, or mixed-mode
failure [11, 12]. For this study, only fatigue failures were in-
cluded in the analysis. While the log-normal and Weibull distri-
butions fit fatigue and wear-out mechanisms well, this research
uses the Weibull distribution throughout [11]. The distribution
parameters are calculated using the failure points, and a graph
of the cumulative distribution function versus time (in cycles) is
plotted. From the graph, the mean life or characteristic life may
be computed. For the Weibull distribution, the 63rd percentile
(cdf = 63.2%) denotes the characteristic life (eta) of the assem-
bly [11]. The R2 parameter denotes the closeness of fit and is
required to be as close as possible to 100%. The shape parame-
ter (beta) typically has a value greater than 2 for fatigue failure
and indicates that the failure rate increases rapidly as time in-
creases. Figure 1 is an example of a Weibull plot for a component



Fig. 2. a Examples of fatigue failure for different PCB pad sizes b Example
of a non-fatigue failure

that underwent reliability testing to evaluate the effect of pad
diameter.

3.2 Reliability of electronic packages

Understandably, the reliability of electronics packages depends
on the length of time that the entire component, including the
solder, can maintain electrical connectivity to the substrate pad
when subjected to testing conditions. The package design, as-
sembly parameters, severity of the test, and material properties
of the solder together determine the life of the solder joint. The
electrical connection may be broken due to various failure mech-
anisms such as fatigue, delamination, and embrittlement of the
solder. Some examples of typical failures are shown in Fig. 2.
The focus of this research is however on failure due to fatigue.
Figure 2a shows the impact of attachment pad size on reliability,
whereas Fig. 2b shows a non-fatigue failure. Time zero defects
are ignored in this study because they may be due to manufactur-
ing defects or handling issues.

This research emphasizes the development of a generic
method that could be used for any AATC testing if sufficient
data exists. In particular, this research interpreted the exten-
sive information from second-level reliability testing of area
array devices to predict second-level solder joint reliability. The
packages under consideration were subjected to a variety of
IPC-prescribed thermal regimes such as 0 to 100 ◦C and -40 to
125 ◦C to study the impact on their reliability [13]. The system-
atic compilation of package characteristics, assembly conditions,
and testing parameters for every group of failure cycles forms the
basis for this analytical technique described in detail in Sect. 4.

3.3 Generic approach

The approach adopted in this research was applied to predicting
the accelerated thermal cycling performance that may be related
to the second-level reliability of assembled electronic packages.
However, the generic nature of the approach makes this method
viable for predicting the reliability of other materials or assem-
blies. Data from tests and experiments are the primary driver in
this research and hence this method is most suited to studies that
have extensive data available. Though dormant for many years,
data mining methodology has come to the limelight because of
advancements in computer hardware and software [14, 15]. This
research uses data mining to enhance the analytical ability of
expert systems and to discover new knowledge from prior experi-
mentation. In principle, this method could be adjusted minimally
and used for the prediction of reliability of say, bolts or rivets,
provided data is available.

4 Reliability prediction theory

From the point of the test board design to the eventual analysis
of results, data constantly changes form because of processing at
every stage. More importantly, since the amount of data is stag-
gering, one can decide to build a data warehouse model (a highly
advanced data storage mechanism favoring the efficiency of an-
alytical methods) or a relational model to tackle storage issues.
Since the relational model is more appropriate and easier to de-
velop, it has been given priority over the cost-prohibitive and
time-consuming warehousing model [16]. The prediction se-
quence (discussed Sect. 4.5) is preceded by several carefully
planned stages that primarily deal with experimental design or
the handling of data. The sections below provide a detailed de-
scription of the different steps adopted in this implementation.

4.1 Design of experiments (DOE)

Usually, second-level reliability testing for a package is a time-
consuming process that follows the assembly process sequence
illustrated in Fig. 3 [17]. Since assembly parameters and board
characteristics play a vital role in determining the reliability of
the end product, the board design and DOE must encompass
the whole gamut of possibilities or experimental levels for each
component to bring out the influence of these parameters. This
facilitates the identification of a trend or relationship that could
be linear or polynomial, single or multivariate. Often, sample
size limitations and cost considerations conflict with the above
guideline. However, the prediction depends heavily on the exis-
tence and completeness of data from experimentation. Hence, in
most cases, a trade-off must be reached between the costly and
destructive nature of reliability-related experimentation, and the
need to select a sufficient sample size (usually around 32).

A number of factors impact reliability and they may include
component or PCB characteristics, process parameters, work-
manship issues, equipment used, and field conditions. While
it may not be possible to gauge the combined impact of all



these factors, designed experiments may be run under controlled
conditions with a manageable matrix of significant parameters.
Based on prior experimentation and literature, a set of factors
such as attachment pad size, substrate thickness, pad thickness,
and finish were chosen [18]. Full factorial experiments with four
to five levels were then run on specific classes of packages. After
the assembly, thermal cycling conditions such as the ramp rates
and the dwell times were also included in the experiment because
of their known impact on cycles-to-failure. Additionally, com-
ponent characterization that was conducted prior to experimenta-
tion yielded a statistical perspective of several design parameters.
Consequently, some significant design parameters, process pa-
rameters, and testing conditions were included in the framework
of this study. The impact of equipment and workmanship on reli-
ability was ignored, primarily because most of the assembly was
carried out in a single facility.

4.2 Collection of data

This process involves the collection of data regarding compo-
nents, assembly conditions, and failure. The task of package
characterization precedes the assembly sequence (Fig. 3) and de-
serves a thorough treatment as this information is used by the
expert system to identify a baseline to the prediction mechan-
ism. All possible process variables need to be tracked during
the assembly sequence because prior knowledge of key factors
governing reliability is not known. For example, the board char-
acteristics such as thickness and pad diameter may play a more
dominant role than other parameters such as pad finish in de-
termining reliability. The assembled boards are then put into

Fig. 3. Surface mount assembly se-
quence

reliability chambers for AATC. Test regimes (e.g., 0 to 100 ◦C,
−40 to 125 ◦C) are outlined in JEDEC test specifications, which
exist for testing electronics packages for different field condi-
tions [13]. New reliability test results that continuously keep
arriving need to be linked to assembly information and main-
tained in spreadsheets or databases so that further consolidation
and refinement of the data can be performed.

4.3 Preliminary cleaning and storage

Second-level reliability data is voluminous and, due to the sensi-
tivity of the test equipment, often electrical noise-prone in nature.
Consequently, in this scenario, classification is key to the organi-
zation of data. This step involves careful scrutiny of the data in
the spreadsheets and the temporary databases in order to remove
noise (i.e., false electrical test data) or redundant information so
that it can be moved to permanent storage and analyzed. Catego-
rization enables reuse and saves valuable database space. Experi-
ment numbers need to be allotted for every unique combination
of component type, assembly type, and test type. All experiments
are potentially comprised of multiple types of failure and hence
the definition of each failure type needs to be clearly delineated.
For all datasets in this research, solder joint failure was detected
by measuring resistance. In most cases, electrical failure was the
first intermittent failure (300 ohms in-situ for a minimum duration
of 200 ns) monitored by an event detector. This is a slight modifi-
cation of the IPC-SM-785 test specification which suggests 1000
ohms for a duration of 1 ms. The study of reliability and solder
joint failures in particular is characterized by the bathtub curve
shown in Fig. 4 [12]. Infant mortality failures occur early in the
life cycle and may be attributed to poor quality assemblies or poor
component quality. Wear-out failures, on the other hand, occur
due to the build-up of stress. While considering failures, the oc-
casional infant mortality or random failures need to be carefully
isolated from fatigue failures.

4.4 Reliability analysis

After the data is“cleaned”, it needs to be analyzed to determine
the statistical characteristic life of the package, which is used

Fig. 4. The bathtub reliability curve



for further reliability prediction. Some literature suggests the
use of failure free time and the three parameter Weibull distri-
bution as opposed to log-normal or the two-parameter Weibull
because they obtained a better fit for early wear out failure across
a large database [9]. However, the primary objective in this re-
search was not to determine failure free time, but rather to use the
characteristic lives obtained from several hundred experiments
to formulate a trend prediction algorithm. Hence, all character-
istic lives (“eta” – N63) were obtained using the two-parameter
Weibull distribution. The fit (R2) in most cases was above 95%
with the possibility to rule out experiments that did not meet spe-
cific criteria such as sample size or fit.

4.5 Prediction mechanism

At this stage, all the prerequisite steps towards the actual pre-
diction have been completed. This section concentrates on the
processing sequence (Fig. 5) adopted to predict reliability from
the extensive database and describes how each segment con-
forms to the expert system architecture.

4.5.1 Identification of matching component

By comparing the requested user input relating to test component
characteristics with the existing database entries, an appropriate
component needs to be isolated. All experiments performed on
this match (or other close matches) may serve as the search do-
main for trend extraction. This step facilitates the data mining
activity by providing a list of components characteristically simi-
lar to the selected input component. Regression modeling using
data sets relating to existing components is automatically accom-
plished [19]. Although the most common use of the algorithm
(discussed in this paper) is the sensitivity analysis of the thermal

Fig. 5. Expert system view of the overall sequence

cycling performance of characterized packages, the user may of-
ten be interested in predicting the reliability of a new or unknown
component. As long as the new component exhibits similarities
to existing packages, a metric for similarity can be defined. The
metric used in this approach involves a penalty-based ranking
scheme that is explained below. For each parameter, the devia-
tion of the test component from each component in the database
is calculated one at a time. Some parameters may be more im-
portant and may have a dominant effect on reliability. These
parameters are differentiated from one another by weights. The
weighted deviation of every parameter is ascertained as follows.

P =
∑

wi
|ui−di |

ui∑
wi

(1)

where P is the cumulative penalty, wi is the weight of the pa-
rameter i, ui and di are the values in the user input and database
respectively. This is repeated for every package in the database
and the cumulative penalty is stored temporarily. An ordered list-
ing of all available components is then made available to the user.
The deviations are arranged in increasing order (of P) thereby
resulting in a decreasing order of similarity. The user may then
exercise discretion to choose a specific component. Based on the
number of packages available, the module may come up with
several matches that the user can subsequently review and nar-
row down.

The deviations calculated above relate to a specific class of
components. For example, a new CSP may be compared to other
CSPs rather than BGAs or peripheral leaded quad flat packs
(QFPs). Another important aspect in this stage is that variables
may be qualitative or quantitative in nature [10]. Qualitative vari-
ables are difficult to handle, but the penalty calculation is con-
cerned only with a binary situation such as “exact match”/“no
match” between the test and database records. If an exact match
is obtained, then deviation is at a minimum (or zero); it is a con-
stant positive quantity (say 1) otherwise. The weighting step
(Sect. 4.5.3) also deals with qualitative variables, but in a differ-
ent fashion.

4.5.2 Screening of variables

This approach tracks several variables during various stages of
manufacturing because of their potential impact on reliability.
The expert system would then scan through the data and quan-
tify the extent to which each variable affects reliability. In order
to narrow down the variables for the first iteration of expert sys-
tem construction, knowledge from prior experimentation could
be used. It is sound judgment to try the prediction mechanism
on a few parameters first so that it could be extended later in an
iterative fashion. Table 1 depicts a list of some important param-
eters that were chosen on the basis of knowledge gained through
experience.

4.5.3 Weighting

“Weighting” deals with the quantification of the relative impor-
tance of various parameters. In order to perform this operation,



Table 1. List of parameters that affect reliability

Assembly parameters Thermal cycling parameters

Quantitative Quantitative
• Motherboard thickness • Start temperature
• Pad diameter • Final temperature

Qualitative • Ramp
• Paste/flux process • Dwell
• Pad finish • Cycle time
• Solder metallurgy
• Reflow atmosphere

variables need to be classified into qualitative or quantitative
types. For quantitative variables, the percentage change in quan-
tity is related to the percentage change in reliability. Changes are
computed between the user’s case and the database experiment,
as shown by the example described in Table 2. Weights are com-
puted across all experiments belonging to each separate class of
components. The average percentage change may then be com-
puted for every parameter. This identifies the parameter that has
a greater impact on reliability.

In the case of qualitative parameters, percentage changes
cannot be computed. However, one can note the average reliabil-
ity change for a particular transition in a qualitative parameter.
The user’s case and database experiment need to be compared
on a given parameter, such as pad finish, to determine transitions
that change reliability to relatively greater extents. By consid-
ering all the records in the database, a look-up table may be
dynamically built. This aids in weighting the parameter for a spe-
cific user request.

4.5.4 Identification of matching experiment

Based on the component match and the input from the user re-
garding assembly and test conditions, an experiment needs to be
chosen as the baseline. This experiment is the combination of
various parameters that have the closest resemblance to the one
required by the user. The combination of parameters may not ex-
actly match the search requirements and, as expected, they may
be off on some parameters. In order to bridge the gap between the
search result and the user’s case, “scaling functions” (described
later in Sect. 4.5.5) are used.

There may be multiple experiments that come reasonably
close to the search criteria and often, the number of experi-
ments obtained is related to the search order. The order shown

Table 2. A pair of datasets (all values refer to board thickness)

Value in mm Accelerated thermal cycles (reliability)

1.57 mm (62 mils) 7000
0.79 mm (31 mils) 16 000

Change in value in mm Change in reliability (ratio)

0.79 mm (31 mils) decrease 2.29 increase

(For the same package)

below has been used preferentially while searching through the
database in this research. It can be altered on a case-by-case basis
depending on the weights computed before.

Motherboard thickness → pad diameter → thermal cycle →
paste/flux process → pad finish

This order may seem rather arbitrary but it is based on ex-
periments that were performed which suggest, for example, that
pad diameter and motherboard thickness may have a greater im-
pact on reliability than pad finish. However, the search order is
fine-tuned based on the exact compilation of the entire dataset.
Consequently, the adaptive nature of this methodology can be
utilized in future iterations of expert system development.

At the end of the match step, a list of experiments that exactly
match/closely match the search criteria may be identified. The
user may choose to use one of the search results to base the pre-
diction on. Scaling is performed with respect to the nearest match
identified by the module and approved by the user. In some cases,
the search may not yield any results. This may be indicative of
the lack of datasets that closely match the required criteria.

4.5.5 Development of scaling functions

This is the heart of the expert system where trends are extracted
from qualitative as well as quantitative parameters. An example
of a trend may be, within a certain range for area array compo-
nents, an increase in PCB pad diameter resulting in a decrease
in AATC solder joint reliability. Such trends constitute the new
knowledge that is discovered by the expert system. However, the
challenge resides in quantifying the importance of each piece of
information that is discovered and utilizing it towards prediction.

Based on the knowledge that has been gathered and stored
during the weighting process, trends on quantitative variables
and their effect on reliability is examined first. Further, the stored
information has to be revisited and examined for statistical sig-
nificance. The trends relate to a change in a quantitative param-
eter and the corresponding change in reliability. This analysis is
carried out one variable at a time, keeping all the other variables
constant. Table 1 shows how one data point relating to a “change-
factor” is obtained. This is repeatedly performed to identify sev-
eral points that can be modeled using regression. Simple linear
regression (in one variable) is carried out and the least squares
best-fit polynomial is computed. The quantitative difference be-
tween the user’s scenario and the database match in any given
parameter is used to predict the change in reliability. When the
user’s case exactly matches the database record for the parame-
ter being considered, scaling need not be performed. This is used
to predict the change in reliability for the quantitative difference
in one parameter caused by the dissimilarity between the user’s
case and database experiment. In cases where an exact match is
obtained, the scaling function need not be used at all.

Regression in one variable may lead to some interactions be-
tween parameters being ignored, but what complicates the situ-
ation is that they might turn out to be more than just binary or
ternary interactions. Such a situation is difficult to deal with and
may possibly involve a dynamic approach that models a combi-
nation of the important variables (as determined in the weighting



phase) using multiple regression. For this experimentation, this
was viewed seen more as an improvement and was not consid-
ered in the initial stages of the expert system development.

The aforementioned scaling functions, developed using re-
gression, are relevant only to quantitative variables that lend
themselves to mathematical manipulation. For qualitative vari-
ables, the different cases seen in the database can be adapted to
form semantic rules that may assist in prediction. As pointed out
before, data sets need to be considered in pairs to see a change
in the quantitative parameter and the corresponding reliability
change. Likewise, a pair of data sets could help in formulat-
ing a rule for an arbitrary transition in the state of a qualitative
parameter. Obviously, the state of the qualitative parameter be-
comes important here and hence keeping all the other parameters
constant between the pair of datasets helps to remove ambiguity.
Then, it can be stated that the change in the qualitative parame-
ter uniquely causes the observed effect on reliability. Interactions
with other variables are mostly ignored because they seem to
have a small impact on the prediction. In some cases, the inter-
actions may be the reason that causes a deviation between the
actual and predicted value of reliability. Additional research is
needed to automatically factor in the more prominent interac-
tions. However, for qualitative variables, rules may be formed
and stored based on many instances of actual transitions from
one state to another. This is illustrated in Table 3.

In the context of this paper, the rules or models that help
calculate the change in reliability for a change or transition in
a qualitative or quantitative parameter are called a “scaling func-
tions.” The reason they are called scaling functions is because
they help scale the gap between the user’s case and the experi-
ment identified by the module. But they may not directly point
out whether the reliability would increase or decrease. To address
this issue, certain semantic conclusions could be made when cal-
culating the weights for different parameters. For example, if
on an average, the increase in a parameter such as pad diam-
eter causes a decrease in reliability then it may be worthwhile
to note that it exhibits this trend over a particular range of pad
diameters. It is very likely that the same trend may be followed
in the areas surrounding the domain where empirical evidence
is present, however there is a certain degree of statistical un-
certainty when performing extrapolation well beyond the known
dataset. Therefore, while extrapolation may be a possibility, one
has to exercise caution and limit it to areas within close proxim-
ity to experimental cases. Appropriate flagging may be necessary
to warn the user that the case may be beyond the predictive capa-

Table 3. Basis for rule formation

An example of reliability change with pad finish

From To Average change

HASL OSP 0.08
OSP NiPd 0.1
OSP ImmAu 0.08

(All other parameters are kept the same)

bility of the data based approach discussed in this paper. In some
cases, a mixed trend may be observed and hence the proximity
to available data (or a range of data points) enables the differ-
entiation of random trends from genuine cases such as inflexion
points.

4.5.6 Comparing the test scenario and the experiment match

When the user is conducting sensitivity analyses on different
parameters that affect reliability, often the values provided by
the user for specific parameters may closely match experimental
records stored in the database. Understandably, in some situa-
tions, the test case (or the user scenario) may not coincide exactly
with the experimental match determined by this algorithm. There
may be a few parameters where there is a difference between
the two cases and these need to be addressed using the scaling
functions. The difference in quantity (quantitative variable) or
the transition (qualitative variable) needs to be substituted into
the regression models or semantic inferences to determine how
much the reliability might change. In case there is no transition
or change in value, the scaling operation need not be performed
for that parameter.

4.5.7 Prediction and interpretation

After scaling functions have been developed, they could be ap-
plied on specific variables that require scaling. The change in
the parameter is substituted into the scaling function to deter-
mine the change in reliability. Further, the trend exhibited by the
parameter would determine the direction of scaling. In the case
of a qualitative variable, the knowledge base (look-up table) is
checked for the relevant transition. If there is empirical evidence,
then the average change in reliability for that transition could be
applied to the test scenario. Here, care has to be taken to see
if the database evidence points directly to the required transi-
tion or its converse. For example, in the case of pad finish, the
database may have a transition from organic solder protect (OSP)
to nickel-gold (NiAu) when the requirement is quite the oppo-
site. This piece of information could still be used provided the
module takes into consideration that the transition is the opposite
of what is required. The approach followed in this research uses
this kind of information intelligently and scales appropriately as
warranted by the situation.

The change in reliability and the direction of scaling are com-
bined to obtain a scaling factor for each variable. The scaling
factor is multiplied by the basis reliability or the reliability of the
basis experiment (experiment match). The result is the expected
scaled reliability and varies from parameter to parameter. How-
ever, it is intuitive to expect that some variables will have a more
pronounced effect. This is factored in through the weights that
were calculated before. The weights are first normalized using
a “min-max” scheme that standardizes them and facilitates their
comparison across multiple scenarios [10].

One option is to consider the weighted, scaled reliability
rather than the individual (for each parameter) scaled reliabil-
ity. However, this is just a matter of personal preference. The



scaled reliability does give an idea of the range in which reliabil-
ity is expected to vary and what factors may be more important.
To this extent, using an approach that scales reliability allows
for the interpretation of what the reliability of a package may
be and also the bounds of its variability. Of course, determin-
ing the confidence level of such a prediction was considered but
that is outside the scope of this discussion. By altering one or
more of the parameters, the user can run “what-if” scenarios and
understand the sensitivity of each parameter affecting reliabil-
ity. This capability may directly translate to proactive design that
improves failure-free product life.

5 Expert system architecture

The prediction of reliability is a sequential process that conve-
niently fits the expert system framework shown in Fig. 6. By
analyzing the different functionalities that are achieved by the
above steps, it is possible to realize some of the salient features of
expert systems and their relevance to this research effort. Some
aspects of expert systems that are called into play in this adaptive
expert system are mentioned below.

5.1 User interface (UI)

The user interface is the bridge between the user and the logic
embedded in the system. This paper ties together the method
used to predict reliability and its good fit with the expert system
framework. Hence, this paper does not dwell on the details of the
UI although a comprehensive user interface was built.

5.2 Storage

Storage relates to both temporary and permanent storage of in-
formation relating to the following:

1. Input/output details;
2. Historical/empirical data;
3. Knowledge base: weights, impact on reliability, semantic in-

ferences, rules;
4. Results of intermediate calculations.

Fig. 6. Expert system architecture and infor-
mation flow

5.3 Knowledge management

This is concerned with the logic that keeps the knowledge base
updated upon the addition of a new experiment or changes to
previous experiments. As a result, the management of know-
ledge becomes very adaptive and the expert system could be
customized to specific types of components. It performs the fol-
lowing functions:

1. Flushes previously calculated weights/rules from storage;
2. Recalculates/reformulates weights or rules on a dynamic

basis.

5.4 Search methods

The functions handled by this section are described below:

1. Concerns the logic/algorithms that is used for searching
through the database for specific trends;

2. Combines experiential knowledge with logic to form heuris-
tic search methods.

5.5 Knowledge interpretation and control

The section deals with the inference mechanism of the expert
system. The functions are described below:

1. Combines the use of search methods and knowledge manage-
ment techniques to generate inferences that pertain to solder
joint reliability;

2. Makes the predictions and displays them to the user using the
interface;

3. Exercises overall control of the program.

6 Case studies

The following scenario describes how thermal cycling per-
formance is predicted for a new component. The example
considered is a 0.8-mm pitch CSP on BT substrate with eu-
tectic Sn/Pb solder bumps. This component is to be assem-
bled on a 1-mm (40-mil) thick motherboard using a Sn/Pb
paste process on an attachment pad whose diameter is 32 mm



(125 milliinch) with OSP finish and reflowed in air. The die size
is 5 mm2 (200 mils2). The user is interested in predicting the
performance of this hypothetical component that is subjected to
a 0–100 ◦C, 20-minute thermal cycle with a five-minute ramp
and dwell.

The module searches the database of 288 components of var-
ious geometries and assembly processes and evaluates the simi-
larity of each component in the database from the perspective of
component geometry, assembly process, and testing conditions.
The module then suggests a component and an experiment that
was performed on a similar component along with a few other
choices. The user makes a judgment as to which component and
assembly to base the prediction upon.

The module then refers to its knowledge base to see how
components have been behaving with respect to various factors
that influence reliability. Trends that are extracted are stored and
rules are stored. For example, a rule may state that for a given
subset of components, pad finish did not have a significant im-
pact on reliability. By using the rules and the quantitative devi-
ation of the test sample from actual empirical results, the module
scales up or down each parameter in its list. All parameters may
not have an equal effect on reliability, e.g., parameters such as
board thickness may affect reliability drastically. Therefore, the
module uses its domain of basis experiments, constructs a re-
gression model, and predicts the thermal cycling performance.
As the model depends on empirical data for it to work, suffi-
cient datasets or experiments need to exist for the prediction to
be accurate.

7 Discussion

The approach used to deduce solder joint reliability is based on
data mining methods that use statistics and empirical data to pro-
vide insight into the reliability of a new component. Using the
method described above, it accomplishes the prediction of reli-
ability and the window in which it varies. This gives an idea as
to what the reliability of a package would tend to be, what vari-
ables affect it, and how prominent the effect of each parameter
may be, based on actual testing results. The method discussed
above ranks the parameters considered and provides a normal-
ized weight (between 0 and 1) that is indicative of the individual
parameter’s importance.

The use of empirical data greatly reduces the time in-
volved to predict the reliability of an assembled package. Pack-
age design engineers could obtain quick estimates of relia-
bility and an idea of what parameters are crucial. This aids
DFR and sensitivity analyses. The other alternatives are to
use FEM and thermal cycling that are either too rigorous to
model or not possible to conduct at the design stage. Further,
FEM or cycling methods often consume enormous amounts
of time, which prevents them from being successfully im-
plemented in a DFR program. This is where the proposed
approach proactively assists the design engineer by conve-
niently estimating and predicting the expected thermal cycling
performance.

8 Conclusions

This research yielded the following conclusions:

1. A generic method that can be used to predict the reliability
of solder joints has been identified, tested, and validated. The
technique that is discussed is based on accelerated reliability
evaluation through LLTS testing.

2. Although the reliability prediction mechanism used in this
paper is focused on electronics packaging, it can be changed
to suit a different domain.

3. This method serves as a personal computer based reliability
(thermal cycling performance) prediction mechanism based
on empirical evidence, ideally suited for use during the pack-
age design stage. It helps to maintain the feedback between
reliability testing and the design stage and thus completes
a vital link in the program to produce reliable packages. This
method potentially reduces testing for packages that are simi-
lar to the ones existing in the database and hence can drive
costs down.

4. In order to accomplish its goals, this research has drawn upon
and combined various concepts from fields such as data min-
ing, statistics, and computing.

5. The methodology described above predicts the reliability and
bounds on the variability associated with the prediction. It
also calculates the relative importance of various parameters
considered in a preliminary matrix.

6. The methodology discussed is this paper can be improved.
The exact nature of the algorithms and the details of its im-
plementation have not been discussed. However, the paper
outlines some of the general aspects that are pivotal in de-
signing such a predictive tool.

7. The architecture of the entire tool is in the form of an expert
system that is adaptive to changes.
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