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Abstract — This paper describes the yield-mining solutions
in semiconductor manufacturing from the theoretical as
well as application points of view. In specific, an innovative
methodology is developed to enhance the correlation
between CP yield data and electrical test (ET) data so that
the engineers can diagnose problems and improve yield
more effectively. Alsa, an interactive yield-mining system is
developed to embed engineers’ knowledge in the data
mining process. To cope with the single-tool problem and
the small sample size feature in a yield ramp-up or in a
high product-mix, low volume production environment, a
project-based multi-product analysis methodology is
developed to enhance the diagnosis capabilify. The
proposed solutions have been fine tuned and validated in a
local foundry fab.

INTRODUCTION

Recently “data mining™” has emerged as a new tool to
support the rapid vyield improvement efforts and
engineering data analysis. Although proven to be useful in
some cases, most data mining techniques still lack
engineers’ full trusts due to the following issues:

1)  the underlying models and algorithms do not address
the special problems only seen in semiconductor
manufacturing,

ii) most mining tools provide only problem-specific
solutions instead of an “integrated” solution for yield
enhancement,

ili) engineering knowledge is usually not included in the
data mining process, and

iv) the sample size is usually too small during a yield
ramp-up or in a high product-mix, low volume
production environment.

Chen et al, [1] pointed out shortcomings of commonly used
data mining methods for yield-loss factor identification, and
proposed improved solutions to address the first issue
mentioned above, In this paper, an integrated mining tool is
developed to address the other three issues. In specific, an
innovative methodology is developed to enhance the
correlation between CP yield data and electrical test (ET)
data so that the engineers can diagnose problems and
improve the yield more effectively with their engineering
knowledge.
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To cope with the small sample size issue, a project-based
multi-product analysis methedology is alse developed to
enhance the diagnosis capability. The geals of this paper are
then to:

i}  explain the confounded correlation between yield and
ET,

ii) propose an integrated yield-mining framework with
enhanced ET correlation,

iii) design an interactive yield-mining system with
engineering knowledge embedded, and

1v) validate the proposed solutions using a multi-product
analysis example.

CONFOUNDED CORRELATION

To identify problems that cause the low yield, integration
engineers usually conduct three types of correlation
analysis:

i) Correlation between yield/bin data and process tools.

ii) Correlation between electrical test data and process
tools.

iii) Correlation between vield/bin data and electrical test
data.

As pointed out in [1], the first two types of analyses have
two major deficiencies in commonly used methods: first, a
high false-positive rate due to one-factor-at-a-time analysis;
and second, a high false-negative rate due to the lack of
time segmentation [1].

As for type iii analysis, the indistinguishable correlations
between yield and ET make it difficult for engineers to
exercise their engineering knowledge to diagnose the yield-
loss problems. The indistinguishable correlations are
mainly caused by confounded factor effects. For example,
wafer lots were processed by four fon implant machines.
Fip. 1 shows the scatter plot of the CP yield vs. Rs_N+PO1.
The dark data points represent data collected from all lots
regardless of the implant machine used. It is difficult to
observe a significant cerrelation between the vield and
Rs_N+POI. Based on this plot, one may quickly disregard
Rs N+PO1 as an impact ET parameter. However, if only
those lots processed by a certain ion machine are examined
(tight data points in Fig. 1}, an apparent correlation can be



established between the yield and Rs N+PO1. Here, the ion
implant machine is the confounding factor to make the
correlation indistinguishable, There are other types of
factors, such as a specific time period in which the lots are
processed, that will cause the similar effects. How to
identify the underlying confounding factors and isolate the
effects of ET parameters on the CP yield becomes critical in
an integrated yield-mining tool.

INTEGRATED YIELD-MINING SOLUTION
FRAMEWORK WITH ENHANCED ET CORRELATION

An integrated yield-mining solution is proposed and is
shown in Fig. 2. As can be seen, the input data include
vield/bin, electrical test, and lot history data. All the
possible yield-loss factors {Xi} that cause the variations in
yield/bin and electrical test data are identified first. Also,
the effects of these factors on vield/bin and electrical test
data are quantified. Data mining techniques discussed in [1]
are adopted here; that is, both time-segmentation and
multivariate techniques are used to enhance the factor-
identification capability. Based on the identified factors and
their comresponding effects, an innovative yield and
electrical test cross-reference table will be generated for
easy incorporation of engineering knowledge. Engineers
can review the table together with their insights and
knowledge of ET parameters and process factors. If a
specific symptom under certain conditions (combination of
factor, yield, and electrical parameter) is diagnosed to be a
probable cause, engineers can further drill down to the
related in-line process/tool data for validation. With this
solution framework, engineers will be able to quickly and
effectively conduct data analyses and fault diagnosis.

INTERACTIVE YIELD-MINING SYSTEM WITH
ENGINEERING KNOWLEDGE EMBEDDED

Based on the data mining techniques discussed in [1] and
the integrated yield-mining solution framework in Fig. 2, an
interactive yield-mining system, Yield Miner, is developed.
In addition to the theoretical features discussed earlier,
there are four major features in Yield Miner. We’ll explain
the four features from the viewpoint of industry
applications.

Project-Based Design for Multi-Product Analysis
To enhance the statistical significance of analysis results,
different product data under the same technology can be

grouped and normalized for analysis in yield-mining project.

Also, all the analysis results and knowledge can be
maintained through the project management function. The
multi-product analysis capability is especially useful for a
high product-mix, low volume production environment,
yield ramp-up phase with limited sample size, and the
single-tool problem in specific back-end process steps
where a tool commonality analysis does not work because
there is only one machine.
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Qbject-Oriented Design for Flexibie Mining Rule Extension
How to integrate the latest innovation on engineers’
product, process, and data mining knowledge is one of the
most challenging issues in developing a yield-mining
system. We have adopted the multi-level object-oriented
hierarchical design for better system flexibility and
reusability. In specific, all the mining rules and algorithms
are modeled and implemented as an object, and can be
easily expanded or reused.

Memory-Based Computing for Fast Calculation

In semiconductor manufacturing, there are many attributes,
such as step ID, machine ool ID, recipe, machine tool data,
in-line metrology data, end-of-ling ET data, CP yield data,
etc., to analyze. Memory-Based computing mechanism
enables fast yield-mining calculation and allows engineers
to exercise their knowledge with fast what-if analysis.

Interactive Process for What-if Analysis

All the mining rules have their underlying assumptions and
cannat fully capture the real world problem. Also, engineers
usually have a lot of “dynamic™ knowledge about the data,
which cannot be considered during the system design phase.
Our system provides an interactive what-if analysis process
to solve this issue, which is shown in Fig. 3. As can be seen,
there are five major steps:

i}  Input Data Screening : to filter out particular factors,
such as experimental lots, metrology process steps,
and/or metrology tools, which are unlikely to result in
yield loss,

ET-Step Relation Constraining: to define the process
line segments and their relations to ET parameters as
constraints for ET-Process-Step analysis. Each process
line segment consists of an ID, name, start process
step, and end process step. Fach ET parameter can
then be defined to associate with certain defined
process-line segments.

Root Cause Mining: to conduct the pre-defined queune-
time, recipe, ill/golden machine, and tool re-entrant
analysis on the pre-screening data

Root Cause Screening: to select and sort various factor
types, to conduct corresponding Excel chart analysis
for each candidate factor, to manually adjust time
segmentation, and to screen out factors that are
unlikely to have impact on yield, etc.

Root Cause Selection: to conduct multi-factor analysis
on pre-screened data and factors and view the final
analysis results.

i)

iii)

In the interactive yield-mining process, engineers can
screen and change the input data as well as the system-
identified factors in any one of the five steps, and force
Yield Miner to recalculate the results for a fast what-if
analysis. Furthermore, all the data changes and knowledge
learned during the what-if analysis can be managed in the



corresponding project for knowledge management purpose
and future applications.

VALIDATION

The developed system along with the proposed solution
framework have been fine-tuned and validated in a local
foundry fab. Specific yield loss cases such as multi-
chamber and single-tool problems were successfully
identified. In this paper we describe one case study of a
single-tool problem using multi-product analysis.

At the beginning of the validation case, the engineer used
Yield Miner to conduct the single-product analysis and
found two suspected machine tools that might cause the
yield loss: EQP_104 and EQP_268. However, as shown in
Fig. 4, both machine tools have similar shift patterns and it
is difficult to judge which one is the root cause. To enhance
the resolution of the shift patterns, the engineer combined
three other products under the same technology into a
multi-product analysis. Fig. 5 shows the results, in which
important information such as the identified factor types,
start-time, end-time, effect on the bin data, and statistical
significance, are provided for further analyses. It can be
seen that EQP_104 has the most significant impact on the
yield loss and could be the major abnormal machine. Fig. 6
shows the multi-product bin-data trend charts of EQP_104
and EQP_268. With the aid of time segmentation and the
trend pattern resolution, it can be concluded that EQP_104
is the major abnormal machine because EQP_268 still has
normal data points in the shifted region.

Furthermore, to identify the root cause, the engineer wants
to know the impact of each identified factors on yield and
ET parameters. The cross-reference table of the bin-data,
ET parameters, and yield-loss factors is shown in Fig. 7 in
which each cell’s value represents the effect significance of
each yield-loss factor on the yield or on an ET parameter.
The effect significance can be sorted and classified in
different colors for each yield-loss factor. For example,
Factor 1 has significant impacts, in dark colors, on ET79,
ET81, and ET78, etc. A process integration engineer can
easily diagnose the true cause from this table based on
his/her process and device knowledge. This table is more
effective than the traditional empirical Key Node Table [2]
by providing an up-to-date enhanced cross-reference among
the CP .binfyield, process factors and ET parameters.
Moreover, the table enables engineers to drill down further
to analyze the raw data with box plots, trend charts, scatter
plots, etc. As shown in Fig. 8, a scatter plot of yield vs.
ET_79 under Factor | provides a better resolution in
identifying the yield-loss root causes.

CONCLUSIONS
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The confounded correlations between yield and ET data
always make it difficult for engineers to exercise their
engineering knowledge to diagnose the yield-loss problems.
By isolating the impact of individual yield-loss factors on
the bin/yield data and on the ET parameters, the
comrelations between binfyield and ET data are greatly
enhanced.

To further include the engineering knowledge in the data
mining process, an interactive yield-mining system is
developed for a fast what-if analysis, in which a project-
based multi-product analysis approach is proposed to cope
with the issues of single-tool problem and the small sample-
size problem during yield ramp-up or in a high product-mix
environment. The solutions proposed in this paper are all
aiming to integrate the engineering knowledge and data
mining for rapid yield improvement.
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Fig.1 Yield vs. electrical test data under a specific
yield-loss factor
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Fig. 2 Yield-mining and improvement framework
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Fig. 6 Single-tool problem through multi-product analysis
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Fig.7 Cross-reference table for yield, electrical test item,
and possible factors

# Fatoc: EQPL04 @alon2 * Qe Frctor
]
%0 . s WY A -
0 R "="_‘.-,¢‘ ...'-.“..' ~¥ :"% K 2 &
., e sty
a ] H . et .
\ 2] . *
b 50 b
w . hd
30 *
k1]
6 62 64 66 68 7 72 74
EL®

Fig.8 Yield vs. ET_79 under Factor 1
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