
USO0RE42481E 

(19) United States 
(12) Reissued Patent (10) Patent Number: US RE42,481 E 

Wang et a]. (45) Date of Reissued Patent: Jun. 21, 2011 

(54) SEMICONDUCTOR YIELD MANAGEMENT OTHER PUBLICATIONS 
SYSTEM AND METHOD . . . 

Ison et al., Semiconductor Manufacturing Conference Proceedings, 

(75) Inventors: Weidong Wang Union City C A 1997 IEEE Symposium on “Fault diagnosis of plasma etch equip 
Jonathan B_ Buckheit, Athenon, CA ment”, San Francisco, Ca. published Oct. 6-8, 1997, pp. B49-B52.* 
(Us). David W_ Budd Princeton NJ Irani et a1. Expert, IEEE vol. 8, Issue 1, “Applying machine learning 
(Us), ’ s to semiconductor manufacturing”, Feb. 1993, pp. 41-47.* 

Famili et al., “Data Preprocessing and Intelligent Data Analysis,” 

(73) AssigneeZ Rudolph Technologies, Inc” Flanders’ Intelligent Data Analysis Journal, pp. l-28 (Mar. 24, 1997). 
N J (Us) Lee et al., “Yield Analysis and Data Management Using Yield Man 

agerTM,” IEEE/SEMI Advanced Semiconductor Manufacturing Con 

(21) Appl. No.: 10/972,115 ference, PP~ 19-30 (199?) _ _ _ 
Turney, P., “Data Engineering for the Analysis of Semiconductor 

(22) Filed. Oct 22 2004 Manufacturing Data,” Workshop on Data Engineering for Inductive 
' I ’ Learning, pp. l-l0 (Apr. 3, 1995). 

Related US. Patent Documents “Quadrillion: Q-Yield Product Overview,” Quadrillion Corporation 
Reissue of: (last accessed at http://Web.archive.org/Web/l997 l 2 100642 1 9/WWW. 
(64) patent NO; 6,470,229 quadrillioncom/qyov... Feb. 5, 2009) 2 pages. 

Issued: Oct. 22, 2002 (Continued) 
Appl. No.1 09/458,185 
Flled: Dec‘ 8’ 1999 Primary Examiner * Ramesh B Patel 

(51) Int Cl Assistant Examiner * Steven R Garland 

G06F 19/00 (200601) (74) AZZOI’I’IEy, Agent, 01’ Firm i Harrington & Smith 

(52) US. Cl. ........ .. 700/121; 700/108; 700/31; 700/103; (57) ABSTRACT 
257/E21.525 

(58) Field of Classi?cation Search ................ .. 700/121, A system and method for yield management is disclosed 
700/108, 31, 29, 47, 103, 104, 3, 1; 703/2, Wherein a data set containing one or more prediction variable 
703/13; 706/45, 46, 60, 48, 904, 906, 42; values and one or more response values is input into the 

716/4; 257/E21.525 system. The system can pre-process the input data set to 
See application ?le for Complete Search history remove prediction variables With missing values and data sets 

With missing values. The pre-processed data can then be used 
to generate a model that may be a decision tree. The system 
can accept user input to modify the generated model. Once 
the model is complete, one or more statistical analysis tools 

(56) References Cited 

U.S. PATENT DOCUMENTS 

4,754,410 A * 6/1988 Leech et al. .................. .. 706/45 ' 
5,727,128 A * 3/1998 Morrison “““““““““““ “ 706/45 can be used to analyze the data and generate a list ofthe key 
5,897,627 A 4/ 1999 Leivian et 31‘ yield factors for the particular data set. 
6,098,063 A * 8/2000 Xie et al. 706/60 
6,336,086 B1 * l/2002 Perez et a1. ................... .. 703/13 34 Claims, 7 Drawing Sheets 

10 n/ 

12 
14 

a E 
CPU DJIHJ (DU) 
% YIELD MAGEH 

IIIIIIIIIIIII }1B 
------------ 
---_-- 

Amended 



US RE42,481 E 
Page 2 

OTHER PUBLICATIONS 

“Quadrillion: Training Services,” Quadrillion Corporation (last 
accessed at http://web.archive.org/web/1997121006451 1/www.qua 
drillion.com/train.html Feb. 5, 2009) 2 pages. 
Email from Dave Garrod at PDF Solutions, Inc. enclosing prior art for 
the yield analysis and data mining tool called Q-Yield, 1 page (Sent 
Feb. 5, 2009). 
Friedhoff, et al., “Analysis of Intra-Level Isolation Test Structure, 
etc.” Proc. IEEE 1989 Int. Conf. Micro. Test Struc., Mar, 1989, pp. 
217-221,vol. 2, No. 1, Pittsburgh, PA. 
Yang, Y-K., “EPAS: An Emitter Piloting Advisory Expert System, 
etc.” IEEE Trans. Semicon. Mfg, May 1990, pp. 45-53, vol. 3, No. 2, 
US. 
Lee, et al., “RTSPC: A Sofware Utility for Real-Time SPC, etc.” 
IEEE Trans. Semicon. Mfg., Feb, 1995, pp. 17-25, vol. 8, No. 1, US. 

Bergendahl, et al., “Optimization of Plasma Processing, etc .” IBM. J. 
Res. Develop., Sep. 1982, pp. 580-589, vol. 26, No. 5, IBM, US. 
Murthy, S., Automatic Construction of Decision Trees from Data: A 
Multi-Disciplinary Survey, Data Mining and Knowledge Dscovery, 
1998, pp. 345-389, v. 2, Kluwer Aca. Pub., US. 
Data Mining and the Case for Sampling: Solving Business Problems 
Using SAS Enterprise Miner Software, 1998, pp. 1-35, Sas Institute 
Inc., US. 
Quinlan, 1., Unknown Attribute Values in Induction in Segre, A. 
(Ed), Proc. Sixth Intl. Machine Learning Workshop, 1989, Morgan 
Kaufmann, US. 
Lee, E, et al., Yield Analysis and Data Management Using Yield 
Manager, 1998 IEEE/Semi Adv. Semi. Manuf. Conf., 1998, pp. 
19-30, US. 
Perez, R., et al., Machine Learning for a Dynamic Manufacturing 
Environment, ACM SIGICE Bulletin, 1994, pp. 5-9, v. 19, US. 

* cited by examiner 



US. Patent Jun. 21, 2011 Sheet 1 of7 US RE42,481 E 

ME 
:24 
CPU =47 

A 

@H YIELD MADER 

10 W 

12 

16 

20f 

FIG. 1 
Amended 

INPUT _ 3E 
DATA SET ' DATA PRE-PROCESSOR 

a4. _ 35 * 

USE“ MDDEL BUILDER STATISTICAL TOOLS FACTORS 
MODIFICATIONS 

V 

FIG. 2 



US. Patent Jun. 21, 2011 Sheet 2 of7 US RE42,481 E 

No 

md ND 

AI No 

Q0 

20 

wwzoamwm m 
5010:: 
Ex-CUCU 
CL 

Emma 

ow 

No 

om 

m6 

m0 

Dc 

om 

m6 

m6 

m? 

20 

mmzommwm 
momma 
Emma 

m .wE 8% wag? 8 + 

mm 

ww + 025.55 .mnmz m2=2 ad; << » mw » mmksa Q 

nd <2 cm mo ma 0mm <2 m6 Bo <2 cm mo md <2 m? .20 mwzolwmm momma momma Emma 
/ Om 





US. Patent Jun. 21, 2011 Sheet 4 of7 US RE42,481 E 

110 

1L5 
STOP SPLIT 

FOR EACH PREDICTT VARIABLE i. i = 1.---IT. 
CALCULATE THE GOUDNESS 0F SPLIT VALUE @i 

v 

m 
SELECT PREDICTOR VARIABLE] SUCH THAT 

(1)]: MAXI <1>i |i=1. ---n} 

- E 

STOP SPLIT 

SPLIT NODE TTIIITU SUBNODES 

T1, T2, -~Tm USING VARIABLE j. 

I 
E5 

FOR EACH SUBNDDE Tk, k = ‘I, ...m. 
APPLY THE SPLIT ALGORITHM 

FIG. 6 
Amended 





US. Patent Jun. 21, 2011 Sheet 6 017 

150 

\/\ I START I 
1! 

E12 
INPUT TFIEE MODEL 

I 
E4 

INPUT PFIEDIOTOR VALUE X 

I 
@ 

START AT ROOT NODE T 

If 

iii 
IS THE NODE 
TERMINAL 

9 

ASSIGN X TO ONE OF THE 
SUBNOOE ACCORDING TO 

US RE42,481 E 

15E 

THE SPLIT RULE IYEs 
E 

OUTPUT THE PREDICTION VALUE 

T 
Ci) 
FIG. 8 





US RE42,481 E 
1 

SEMICONDUCTOR YIELD MANAGEMENT 
SYSTEM AND METHOD 

Matter enclosed in heavy brackets [ ] appears in the 
original patent but forms no part of this reissue speci?ca 
tion; matter printed in italics indicates the additions 
made by reissue. 

BACKGROUND OF THE INVENTION 

This invention relates generally to a system and method for 
managing a semiconductor process and in particular to a 
system and method for managing yield in a semiconductor 
process. 

The semiconductor industry is continually pushing toward 
smaller and smaller geometries of the semiconductor devices 
being produced since smaller devices generate less heat and 
operate at a higher speed than larger devices. Currently, a 
single chip may contain over one billion patterns. The semi 
conductor manufacturing process is extremely complicated 
since it involves hundreds of processing steps. A mistake or 
small error at any of the process steps or tool speci?cations 
may cause lower yield in the ?nal semiconductor product, 
wherein yield may be de?ned as the number of functional 
devices produced by the process as compared to the theoreti 
cal number of devices that could be produced assuming no 
bad devices. Improving yield is a critical problem in the 
semiconductor industry and has a direct economic impact to 
the semiconductor industry. In particular, a higher yield trans 
lates into more devices that may be sold by the manufacturer. 

Semiconductor manufacturing companies have been col 
lecting data for a long time about various process parameters 
in an attempt to improve the yield of the semiconductor 
process. Today, an explosive growth of database technology 
has contributed to the yield analysis that each company fol 
lows. In particular, the database technology has far outpaced 
the yield management ability when using conventional sta 
tistical methods to interpret and relate yield to major yield 
factors. This has created a need for a new generation of tools 
and techniques for automated and intelligent database analy 
sis for yield management. 

Current conventional yield management systems have a 
number of limitations and disadvantages which make them 
less desirable to the semiconductor industry. For example, the 
conventional systems may require some manual processing 
which slows the analysis and makes it susceptible to human 
error. In addition, these conventional systems may not handle 
both continuous and categorical yield management variables. 
Some conventional systems cannot handle missing data ele 
ments and do not permit rapid searching through hundreds of 
yield parameters to identify key yield factors. Some conven 
tional systems output data that is di?icult to understand or 
interpret even by knowledgeable semiconductor yield man 
agement people. In addition, the conventional systems typi 
cally process each yield parameter separately, which is time 
consuming and cumbersome and cannot identify more than 
one parameter at a time. 

Thus, it is desirable to provide a yield management system 
and method which solves the above limitations and disadvan 
tages of the conventional systems and it is to this end that the 
present invention is directed. 

SUMMARY OF THE INVENTION 

The yield management system and method in accordance 
with the invention may provide many advantages over con 
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2 
ventional methods and systems which make the yield man 
agement system and method more useful to semiconductor 
device manufacturers. In particular, the system may be fully 
automated and easy to use so that no extra training is neces 

sary to make use of the yield management system. In addition, 
the system handles both continuous (e.g., temperature) and 
categorical (e. g., Lot 1, Lot 2, etc.) variables. The system also 
automatically handles missing data during a pre-processing 
step. The system can rapidly search through hundreds of yield 
parameters and generate an output indicating the one or more 
key yield factors/parameters. The system generates an output 
(a decision tree) that is easy to interpret and understand. The 
system is also very ?exible in that it permits prior yield 
parameter knowledge (from users) to be easily incorporated 
into the building of the model in accordance with the inven 
tion. Unlike conventional systems, if there is more than one 
yield factor/parameter affecting the yield of the process, the 
system can identify all of the parameters/factors simulta 
neously so that the multiple factors are identi?ed during a 
single pass through the yield data. 

In accordance with a preferred embodiment of the inven 
tion, the yield management method may receive a yield data 
set. When a data set comes in, it ?rst goes through a data 
preprocessing step in which the validity of the data in the data 
set is checked and cases or parameters with missing data are 
eliminated. Using the cleaned up data set, aYield Mine model 
is built during a model building step. Once the model is 
generated automatically by the yield management system, the 
model may be modi?ed by one or more users based on their 
experience or prior knowledge of the data set. Once the model 
has been modi?ed, the data set may be processed using vari 
ous statistical analysis tools to help the user better understand 
the relationship between the response and predict variables. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 is a diagram illustrating an example of a yield 
management system in accordance with the invention imple 
mented on a personal computer; 

FIG. 2 is a block diagram illustrating more details of the 
yield management system in accordance with the invention; 

FIG.3 is a ?owchart illustrating an example of a yield 
management method in accordance with the invention; 

FIG. 4 is a diagram illustrating the data preprocessing 
procedure in accordance with the invention; 

FIG. 5 illustrates an example of a yield parameter being 
selected by the user and a tree node being automatically split 
or manually split in accordance with the invention; 

FIG. 6 is a ?owchart illustrating a recursive node splitting 
method in accordance with the invention; 

FIG. 7 [illustrate] illustrates an example of a yield param 
eter being selected by the user and a tree being automatically 
generated by the system based on the user selected parameter 
in accordance with the invention; 

FIG. 8 is a ?owchart illustrating a method for tree predic 
tion in accordance with the invention; and 

FIG. 9 illustrates an example of the statistical tools avail 
able to the user in accordance with the invention. 

DETAILED DESCRIPTION OF A PREFERRED 
EMBODIMENT 

The invention is particularly applicable to a computer 
implemented software-based yield management system and 
it is in this context that the invention will be described. It will 
be appreciated, however, that the system and method in accor 
dance with the invention has greater utility since it may be 
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implemented in hardware or may incorporate other modules 
or functionality not described herein. 

FIG. 1 is a block diagram illustrating an example of a yield 
management system 10 in accordance with the invention 
implemented on a personal computer 12. In particular, the 
personal computer may include a display unit 14, that may be 
a cathode ray tube (CRT), a liquid crystal display or the like, 
a processing unit 16 and one or more input/output devices 18 
that permit a user to interact with the software application 
being executed by the personal computer. In this example, the 
input/output devices may include a keyboard 20 and a mouse 
22, but may also include other peripheral devices such as 
printers, scanners and the like. The processing unit 16 may 
further include a central processing unit (CPU) 24, a persis 
tent storage device 26, such as a hard disk, a tape drive, an 
optical disk system, a removable disk system or the like and a 
memory 28. The CPU may control the persistent storage 
device and memory. Typically, a software application may be 
permanently stored in the persistent storage device and then 
may be loaded into the memory 28 when the software appli 
cation is going to be executed by the CPU. In the example 
shown, the memory 28 may contain a yield manager 30. The 
yield manager may be implemented as one or more software 
applications that are executed by the CPU. 

In accordance with the invention, the yield management 
system may also be implemented using hardware and may be 
implemented on different types of computer systems, such as 
client/ server systems, web servers, mainframe computers, 
workstations and the like. Now, more details of the imple 
mentation of the yield management system in software will be 
described. 

FIG. 2 is block diagram illustrating more details of the 
yield management system 30 in accordance with the inven 
tion. In particular, the yield management system may receive 
a data set containing various types of semiconductor process 
data including continuous/numerical data, such as tempera 
ture or pressure, and categorical data, such as the lot number 
of the particular device. The yield management system in 
accordance with the invention may process the data set, gen 
erate a model, apply one or more statistical tools to the model 
and data set and generate an output that may indicate, for 
example, the key factors/parameters that affected the yield of 
the devices that generated the current data set. 

In more detail, the data may be input to a data preprocessor 
32 that may validate the data and remove any missing data 
records. The output from the data preprocessor may be fed 
into a model builder 34 so that a model of the data set may be 
automatically generated by the system. Once the system has 
generated a model, the user may enter model modi?cations 
into the model builder to modify the model based on, for 
example, past experience with the particular data set. Once 
the user modi?cations have been incorporated into the model, 
a ?nal model is output and made available to a statistical tool 
library 36. The library may contain one or more different 
statistical tools that may be used to analyZe the ?nal model. 
The output of the system may be, for example, a listing of one 
or more factors/ parameters that contributed to the yield of the 
devices that generated the data set being analyZed. As 
described above, the system is able to simultaneously identify 
multiple yield factors. Now, a yield management method in 
accordance with the invention will be described. 

FIG. 3 is a ?owchart illustrating an example of a yield 
management method 40 in accordance with the invention. 
The method may include receiving an input data set in step 41 
and preprocessing the input data set in step 42 to clean up the 
data set (e.g., validate the data and remove any data records 
containing missing, erroneous or invalid data elements). In 
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4 
step 44, the cleaned up data set may be used to build a model 
and the user may enter model modi?cations in step 46. Once 
the model is complete, it may be analyZed in step 48 using a 
variety of different statistical tools to generate yield manage 
ment information such as key yield factors. Each of the above 
steps of the method will now be described in more detail to 
better understand the invention. In particular, the data prepro 
cessing step in accordance with the invention will now be 
described. 
The data preprocessing step 42 helps to clean up the incom 

ing data set so that the later analysis may be more fruitful. The 
yield management system in accordance with the invention 
can handle data sets with complicated data structures. A yield 
data set typically has hundreds of different variables. These 
variables may include both a response variable, Y, and pre 
dictor variables, X1, X2, . . . , Xm, that may be ofa numerical 
type or a categorical type. A variable is a numerical type 
variable if its values are real numbers, such as different tem 
peratures at different [time] times during the process. A vari 
able is a categorical type variable if its values are of a set of 
?nite elements not necessarily having any natural ordering. 
For example, a categorical variable could [takes] take values 
in a set of {MachineA, MachineB, MachineC} or values of 
(Lot1, Lot2 or Lot3). 

It is very common for a yield data set to have missing 
values. The data pre-processing step removes the cases or 
variables having missing values. In particular, the preprocess 
ing ?rst may remove all predictor variables that are “bad”. By 
“bad”, it is understood that either a variable has too much 
missing data, EMS, or, for a categorical variable, if the vari 
able has too many distinct classes, ZDC. In accordance with 
the invention, both MS and DC are user de?ned thresholds so 
that the user may set these values and control the preprocess 
ing of the data. In a preferred embodiment, the default [value] 
values are MS:0.05><N, DCI32, where N is the total number 
of cases in the data set. 
Once the “bad” predictor variables are removed, then, for 

the remaining data set, data preprocessing may remove all 
cases with missing data. If one imagines that the original data 
set is a matrix with each column representing a single vari 
able, then data preprocessing ?rst removes all “bad” columns 
(variables) and then removes “bad rows” (missing data) in the 
remaining data set with the “good” columns. 

FIG. 4 is a diagram illustrating an example of the data 
preprocessing procedure in accordance with the invention. In 
particular, for this example, the MS variable is set to 2. FIG. 
4 shows an original data set 50, a data set 52 once bad columns 
have been removed and a data set 54 once the bad rows have 
been removed. As shown, the original data set 50 may include 
three predictor variables (Pred1, Pred2 and Pred3) and a 
numerical variable (Response) wherein three values for Pred3 
are unknown and one value for Pred2 is unknown. Since the 
MS is set to 2 in this example, any predictor variables that 
have more than two unknown values are removed. Thus, as 
shown in the processed data set 52, the column containing the 
Pred3 variable is removed from the data set. Since the Pred2 
variable [have] has only one missing value, it is not removed 
from the data set in this step. Next, any bad rows of data are 
removed from the data set. In the example shown in FIG. 4, 
the row with a Pred1 value of 0.5 is removed since the row 
contained an unknown value for variable Pred2. Thus, once 
the preprocessing has been completed, the data set 54 con 
tains no missing values so that the statistical analysis may 
produce better results. Now, the model building step in accor 
dance with the invention will be described in more detail. 
The yield management system uses a decision tree-based 

method. In particular, the method partitions the data set, D, 
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into sub -regions. The tree structure may be a hierarchical way 
to describe a partition of D. It is constructed by successively 
splitting nodes (as described below), starting with the root 
node (D), until some stopping criteria are met and the node is 
declared a terminal node. For each terminal node, a value or 
a class is assigned to all the cases within the node. Now, the 
node splitting method and example of the decision tree will be 
described in more detail. 

FIG. 5 shows an example of aYield Mine model decision 
tree 100 generated by the system. In this example, the data set 
contains 233 process step variables, 233 time variables cor 
responding to each process step, and 308 parametric test 
variables. All of the variables are not shown in FIG. 5 for 
clarity. All of these variables are used in theYield Mine model 
building as predictor variables. The response variable in this 
example is named “Good DielRing” and represents the num 
ber of good dies around the edge of a wafer produced during 
a particular process run. 

In this example, out of all 774 predictor variables, theYield 
Mine system using the decision tree prediction, identi?es one 
or more variables as key yield factors. In this example, the key 
yield factor variables are PWELLASH, FINISFI, TI_TIN_ 
RTP_, and VTPSP_. In this example, PWELLASH and PIN 
ISFI are time variables associated with the process variables 
PWELLASH_and FINISFI_and [TIl3 TIN_RTP_] T IiT [Ni 
RTP_and VTPSP_are process variables. Note that, for each 
terminal node 102 in the decision tree, the value of the 
response variable at that terminal node is shown so that the 
user can view the tree and easily determine which terminal 
node (and thus which predictor variables) result in the best 
value of the response variable. 

In the tree structure model in accordance with the inven 
tion, if a tree node is not terminal, it has a splitting criterion for 
the construction of its sub-nodes as will be described in more 
detail below with reference to FIG. 6. For example, the root 
node is split into two sub-nodes depending on the criterion of 
whether PWELLASH is before or after 3 :41 :00 am, 07/03/98. 
IfPWELLASH is before 3:41:00 am, 07/03/98, the case is put 
in the left sub-node. Otherwise, it is put in the right sub-node. 
The left sub-node is further split into its sub-nodes using the 
criterion FINISFI <07/ 17/ 98 4:40:00 pm. The right sub-node 
is also further split into its sub-nodes using the criterion 
TI_TIN_RTPiIZRTP, where [TIBTIN_RTP_] T IiT [Ni 
RT P_is a process step parameter and 2RTP is one of its 
speci?cation if the variable is continuous. For a terminal 
node, the average value of all cases under the node is shown. 
In this example, it is pretty clear to the user that when 
PWELLASH<07/ 03/ 98 3:41:00 am, the yield is higher, espe 
cially when the criterion FINISFI<07/ 17/ 98 4:40:00 pm is 
also satis?ed. The worst case happens when 
PWELLASH>07/ 03/ 98 3:41:00 am, and TI_TIN_RTPi 
<>1RTP, and VTPSPEie{23STEP, 25STEP, 26STEP}. 

To ?nd the proper stopping criteria for tree construction is 
a dif?cult problem. To deal with the problem we ?rst over 
grow the tree and then apply cross validation techniques to 
prune the tree. Pruning the tree is described in detail in the 
following sections. To grow an over siZed tree, the method 
may keep splitting nodes in the tree until all cases in the node 
having the same response value, or the number of cases in the 
node is less than a user de?ned threshold, no. The default in 
our algorithm is no:max{5, ?oor(0.02><N)} where N is the 
total number of cases in D, and the function ?oor(x) gives the 
biggest integer that is less than or equal to x. Now, the con 
struction of the decision tree and the method for splitting tree 
nodes in accordance with the invention will be described. 

FIG. 6 is a ?owchart illustrating a method 110 for splitting 
nodes of a decision tree in accordance with the invention. In 
step 112, a particular node of the decision tree, T, is selected. 
The process is then repeated for each node of the tree. In step 
114, the method may determine if the number of data values 
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6 
in node T is less than a predetermined threshold, N. If the 
number of data values is less than N, then the splitting for the 
particular node is stopped in step 116 and the next node may 
be processed. If the number of data values for the node is not 
less than N, then in step 118, the processing of the particular 
node is continued. In particular, for each predictor variable, i, 
where i:1 . . . n, the “goodness” of the split value, (D1, is 
calculated. Then, in step 120, the predictor variables, j, are 
selected such that CIDJIMAX {(I>l.|i:1, . . . n}. In step 122, the 
method may determine if (I>j>V wherein V is a user-de?ned 
threshold value as described below. If CIDJ- is not greater than 
the threshold value, then in step 124, the splitting process for 
the particular node is stopped and the processing begins with 
the next node. 

If (I>j>V, then in step 126, the node, T, is split into one or 
more sub-nodes, T1, T2, . . . , Tm, based on the variablej. In 

step 128, for each sub-node, Tk where k:1, . . . , m, the same 
node splitting method is applied. In this manner, each node is 
processed to determine if splitting is appropriate and then 
each sub-node created during a split is also checked for sus 
ceptibility to splitting as well. Thus, the nodes of the decision 
tree are split in accordance with the invention. Now, more 
details of the decision tree construction and node splitting 
method will be described. 

A decision tree is built to ?nd relations between the 
response variable and the predictor variables. Each split, S, of 
a node, T, partitions the node into m subnodes T1, T2, . . . , Tm, 
in hopes that the subnodes are less “noisy” than T as de?ned 
below. To quantify this idea, a real-value function that mea 
sures the noisiness of a node T, g(T), may be de?ned wherein 
NT denotes the number of cases in T, and NTi denotes the 
number of cases in the ith sub-node Ti. The partition of T is 
exclusive, therefore, ZZ-IIMNTI'INT. Next, the method may 
de?ne CI>(S) to be the goodness of split function for a split, S, 
wherein: 

1 m (1) 
<I><s> = g(T) - W2 NT; gm) 

[:1 

We say that the subnodes are less noisy than their ancestor 
if CI>(S)>0. In Yield Mine, a node split depends only on one 
predictor variable. The method may search through all pre 
dictor variables, X1, X2, . . . , X”, one by one to ?nd the best 
split based on each predictor variable. Then, the best split is 
the one to be used to split the node. Therefore, it is suf?cient 
to explain the method by describing how to ?nd the best split 
for a single predictor variable. Depending on the types of the 
response variable, Y, and the predictor variable, X, as being 
either categorical or numerical, there are four possible sce 
narios. Below, details for each scenario on how the split is 
constructed and how to assign a proper value or a class to a 
terminal node is described. Now, the case whenY and X are 
both categorical variables is described. 

Y is Categorical and X is [Ategorical] Categorical 

Suppose thatY takes values in the set A:{Al , A2 , . . . ,Ak}, 

and X takes values in the set B:{B1,B2, . . . , B1}. In this case, 
only binary splits are allowed. That is, if a node is split, it 
produces 2 sub-nodes, a left sub-node, TL, and a right sub 
node, TR. A split rule has the form of a question: Is xZBS, 
where B S is a subset of B. If the answer to the question is yes, 
then the case is put in the left sub-node TL. Otherwise it is put 
in the right sub-node T R. There are 2Z different subsets of B. 
Therefore, there are 2Z different splits. 
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Let Nl-T denote the number of class i cases in node T. The 
function which [measure] measures the noisiness of the node, 
g(T), is de?ned as: 

k 
N-T 2 

g(T) : l 

Since there are only two sub-nodes, the goodness of split 
function, CI>(S), is: 

NTL NTR (3) 
@(s) = g(T) — Wg?l) — Fan) 

The method thus searches through all positions 2Z splits to 
?nd the one that minimiZes CI>(S). Now, the case where Y is 
categorical and X is numerical will be described. 
Y is Categorical and X is Numerical 
Suppose thatY takes values in the set A:{A1,A2, . . . ,Ak} 

and X 1 ,x2, . . . , XNT denotes the numerical predictor variable in 

each case. The split in this case is also binary as above. We 
will again use T L and T R to denote the two sub-nodes of T. A 
split rule takes one of the two forms. 

1) Is xéot? 

where 0t and [3 take values from the set {xv X2, . . . ,XNT}. 
For each case, if the answer to the split rule is true, it 
is put in TL. Otherwise it is put in TR. 

Now, we de?ne NT and g(T) in the same way as in the 
previous scenario. Since a split in this case has one more 
parameter than a split in the ?rst case above, the method may 
de?ne 

NTL NTR 
g(T) — VQTL) — WQTR) if S has form (1) 

(NS) : TL TR N 
c[g(T) — WQTL) — VQTR) if S has form (2) 

wherein c is between 0 and 1 and can be set by the user. 
The default is 0.9. There are only ?nite split rules of 
form (1) and (2). The method thus searches through 
all possible splits to ?nd the one that minimiZes CI>(S). 
Now, the case whereY is numerical and X is categori 
cal will be described. 

Y is Numerical and X is Categorical 
In this case, the split rule is the same as the ?rst case. The 

only difference is the way in which the noiseness function, 
g(T), is de?ned. In particular, since Y is numerical, let yl, 
y2, . . . ,yNr denote the response variable for all cases in T. g(T) 
is then de?ned as the LP norm of the empirical distribution 
function of Y in T. In particular, 

NT NT 5 l 
g(T) : (yi - yf] , where y = y; 

[:1 [:1 

Then, CI>(S) may be de?ned as: 

TL T 

As in the ?rst case, there are only a ?nite number of 
possible splits and the method searches through all possible 
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8 
splits to ?nd the one that minimiZes CI>(S). Now, a fourth case 
whereY and X are both numerical will be described. 
Y is Numerical and X is Numerical 
In this case, the split rule is de?ned the same way as in the 

second case above, and g(T) is de?ned the same way as in the 
third case. Thus, the method may search through all possible 
splits to come up with the split, S*, which minimiZes CI>(S), 
where: 

NTL NTR , 
g(T) — WQTL) — WQTR) if S* has form (1) 

<I>(S*) : 
TL NTR ‘ 

c[g(T) — WQTL) — WQTR) if S* has form (2) 

Then, a linear regression model, as set forth below, is ?t 

(5) 

where e is assumed to be i.i.d. Gaussian with mean 0 and 
variance 02 

Now, let y,- denote the ?tted value of the model for case i. Let 
r be the LP norm of the residuals. That is, 

(6) 

If (I>(S*)<cXr , then S* is the best split. Otherwise, the linear 
model ?ts better than split form 1 and 2. In this case, the node 
T is split into d sub-nodes, T1, T2, . . . , Td. Let Q1922, . . . , iNr 
denote the ordered values of X1, X2, . . . , XNT in an increasing 

order. Then a case (X, y)eTl- if 

where 

T 

1ifi<NTrnodd 

where d is a user de?ned parameter. The default value of 
d is 4. Now, assigning a value or class to a terminal 
node will be described. 

When a terminal node is reached, a value or a class, f(T), is 
assigned to all cases in the node depending on the type of the 
response variable. If the type of the response variable is 
numerical, f(T) is a real value number. Otherwise, f(T) is set 
to be a class member ofthe setA:{Al, A2 , . . . ,Ak}. Now, the 
cost function may be determined ifY is categorical or numeri 
cal. 
Y is Categorical 
AssumeY takes values in set A:{Al, A2, . . . ,Ak}. T is a 

terminal node with NT cases. Let Nl-T be the number, Y, equal 
to Al- in T, ie{1,2, . . . , L}. Ifthe node is pure (i.e., all the cases 
in the node has the same response A), then, f(T):A]-. Other 

Otherwis e 
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Wise, the node is not pure. No matter Which class, f(T), is 
assigned to, there is at least one case misclassi?ed in the node. 
Let u(i|j) be the cost ofassigning a classj case to class i. Then 
the total cost of assigning f(T) to node T is 

NT (7) 

Where f(T):Aj, such that U(Aj):min(U(Ai), ie{ 1 ,2, . . . , 1}) 
If u(i | j) is constant for all i and j, then f(T) is assigned to the 

biggest class in the node. When there is a tie for the best 
choice of f(T) among several classes, f(T) is picked arbi 
trarily among those classes. NoW, the case WhereY is numeri 
cal is described. 
Y is Numerical 
In this case, the cost function is the same function g(T) 

Which [measure] measures the “noisiness” of the node as 
described above. f(T) is assigned to the value Which mini 
miZes the cost. It canbe easily shoWn that, When g(T) is the L2 
norm of the node, f(T) equals to the mean value of the node. 
NoW, the pruning of the decision tree Will be described. 
By groWing an oversiZed tree as described above, one 

encounters the problem of over ?tting. To deal With this 
problem, cross validation is used to ?nd the right siZe of the 
model. Then, the tree can be pruned to the proper siZe. Ideally, 
one Would like to split the data into tWo sets. One for con 
structing the model and one for testing. But, unless the data 
set is suf?ciently large, using only part of the data set to build 
the model reduces its accuracy. Therefore, cross validation is 
the preferred procedure. 
An n-fold cross validation procedure starts With dividing 

the data set into n subsets, Dl,D2, . . . , D”. The division is 

random and each subset contains as nearly as possible, the 
same number of cases. Let Df denote the compliment set of 
Di. Then n tree structure models TRl, TR2, . . . , TR” are built 

using the D16, D26, . . . , Bi. Now We can use the cases in Df 

to test the validity of TR,- and to ?nd out What is the right siZe 
of the tree model. 
A measure of the siZe of a tree structure model, g(TR), the 

complexity of TR, is de?ned as folloWs. Let TT denote the set 
of terminal nodes of a tree node T. Let C(t) be the co st function 
of node t if all nodes under t are pruned. Thus, 

i if T is not a terminal node 
g(T) = |TT|_1 

0 if T is a terminal node 

Where ITTI is the cardinality of T1, and 

C(TT) = Z C(t). 
ieTT 

Where P(t) is the probability function. 
Next, one can de?ne 

g(TR):max(g(T)lT is a node ofTR) 

Theorem: Let TO be the node, such that g(TO):g(TR). Then, 
pruning off all sub-nodes of T0 Will not increase the complex 
ity of the tree. 
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Proof 
Let TRN be the tree obtained by pruning off TO from TR. 

Every node TN in tree TRN comes from the node T in TR. If We 
can shoW that, for every TN, g(TN §g(T), then, by de?nition, 
g(TRN)§g(TR) 

There are tWo scenarios. 1) For node TN, its [counter part] 
counterpart T contains TO as one of its [sub-node] sub-nodes. 
2) For node TN, its [counter part] counterpart T does not 
contain TO as a sub-node. In the second scenario, TN and T 
[has] have the same structure. Therefore, g(TN):g(T). NoW, 
let us consider the ?rst scenario. If TN has no sub-node, then, 
g(TN):0§g(T). Otherwise, by de?nition, 

This theorem establishes a relationship betWeen the siZe of 
a tree structure model and its complexity g(TR). In general, 
the bigger the complexity the more the number of nodes of the 
tree. 

Cross validation can point out Which complexity value v is 
likely to produce the most accurate tree structure. Using this 
v, We can prune the tree generated from the Whole data set 
until its complexity is just beloW v. This pruned tree is used as 
the ?nal tree structure model. NoW, the model modi?cation 
step Will be described. 

In some cases, the predictor variables can be correlated 
With each other. The splits of a node based on different param 
eters can produce similar results. In such cases, it is really up 
to the process engineer Who uses the softWare to identify 
Which parameter is the real cause of the Yield problem. To 
help the engineer to identify the possible candidates of 
parameters at any node split, all predictor variables are ranked 
according to their relative signi?cance if the split Were based 
on them. To be more precise, let X, be the variable picked by 
the method Which the split, 8*, is based on. 

For any j¢i let S]. denote the best split based on Xj. Then, 
de?ne 

Since 8* is the best split 0§q(i)§l . Then, When double 
clicking on a node, a list of all predictor variables ranked by 
their q values is shoWn as illustrated in FIG. 5. If the user 
decides it is more appropriate to split on a predictor variable 
other than the one picked by the method, the user can then 
highlight it from the list, and a single click of the mouse Will 
reproduce the tree and force node T to be split based on user 
picked parameters. For example, FIG. 7 illustrates tWo trees 
130, 140 Wherein the ?rst tree 130 is built using the 
PWELLASH variable selected by the method and the second 
tree 140 is built using the user-selected parameter 
PWELLCB. NoW, a method for tree prediction in accordance 
With the invention Will be described in more detail. 

FIG. 8 is a ?owchart illustrating a method 150 for tree 
prediction in accordance With the invention. In step 152, the 
previously generated tree model is input. Next, the prediction 
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value, X, of interest is input. In step 156, the prediction using 
the tree starts at the root node, T. In step 158, the method may 
determine if the node is terminal. If the current node is not 
terminal, then the method may assign X to one of the sub 
nodes in step 160 according to the split rule described above. 
After the assignment in step 160, the method loops back to 
step 158 to test if the next node is a terminal node. If the node 
is terminal, then the method outputs the prediction value in 
step 162 and the method is completed. NoW, the analysis step 
in accordance With the invention Will be described. 

All the basic statistical analysis tools are available to help 
the user to validate the model and identify the yield problem. 
At each node, a right click of the mouse produces a list of tools 
available as shoWn in FIG. 9. Every analysis is done at the 
node level (i.e., it only uses the data from that particular 
node). An example of the analysis tools available at the right 
node after the ?rst split is shoWn in FIG. 9. In this example, 
those analysis tools may include box-Whisker chart, Cumsum 
control chart, SheWhet control chart, histogram, one-Way 
ANOVA, tWo sample comparison and X-Y correlation analy 
sis. The particular tools available to the user depend upon the 
nature of the X andY parameters (e.g., continuous vs. cat 
egorical). 

After each model is built, the tree can be saved for future 
predictions. If a neW set of parameter values is available, it can 
be fed into the model and generate prediction of the response 
value for each case. This functionality can be very handy for 
the user. 

While the foregoing has been With reference to a particular 
embodiment of the invention, it Will be appreciated by those 
skilled in the art that changes in this embodiment may be 
made Without departing from the principles and spirit of the 
invention, the scope of Which is de?ned by the appended 
claims. 
We claim: 
1. A computerized yield management system, comprising: 
pre-processing computing device means executed by a data 

pre-processor in a computer processing unit for pre 
processing an input data set comprising one or more 
prediction variables and one or more response variables 
containing data about a particular semiconductor pro 
cess, the pre-processing computing device means further 
comprising means for removing one or more prediction 
variables from the input data set having more than a 
predetermined number of missing values, means for 
removing one or more prediction variables from the 
input data set having more than a predetermined number 
of classes, and means for removing data having more 
than a predetermined number of missing values to gen 
erate pre-processed data; 

model generating computer device means executed by a 
model builder in the computer processing unit, the 
model builder being in communication with the data 
pre-processor, for generating a model based on the pre 
processed data, the model being a decision tree; 

computing device means executed by the model builder for 
modifying the model based on user input; and 

computing device means executed by a statistical tool 
library in the computer processing unit, the statistical 
tool library being in communication with the model 
builder, for analyZing the model using a statistical tool to 
generate one or more key yield factors based on the input 
data set. 

2. The system of claim 1, Wherein the model generating 
computing device means further comprises means for build 
ing a decision tree containing a root node, one or more inter 
mediate nodes and one or more terminal nodes Wherein a 
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12 
response value at the one or more terminal nodes is presented 
to the user and splitting means for splitting a node in the tree 
into one or more sub-nodes based on prediction variables 

contained in the node. 
3. The system of claim 2, Wherein the splitting means 

further comprises means for determining if a number of data 
cases in a node are less than a predetermined threshold value, 
means for calculating a goodness of split value for splitting 
the node based on each [predictor] prediction variable in the 
node, means for selecting prediction variables having a maxi 
mum goodness of split value and means for splitting the node 
into one or more sub-nodes based on the prediction variables 

having the maximum goodness of split value. 
4. The system of claim 3, Wherein the one or more predic 

tion variables and the one or more response variables are 

categorical variables. 
5. The system of claim 4, Wherein the splitting means 

further comprises a splitting rule and a goodness of split rule, 
the splitting rule comprising means for placing a case into a 
left sub-node if the case is included in the values of the 
[predictor] prediction variable and Wherein the goodness of 
split rule is of the form: 

Where (I>(s) represents a goodness of split rule for a split, s; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in a left 
sub-node of node T; and NTR is a number of cases in a 
right sub-node of node T. 

6. The system of claim 3, Wherein the one or more predic 
tion variables and the one or more response variables are 

numerical. 
7. The system of claim 6, Wherein the splitting means 

further comprises a splitting rule and a goodness of split rule, 
the splitting rule comprising means for placing a case into a 
left sub-node if the value of the [predictor] prediction variable 
for a particular case is less than or equal to a ?rst predeter 
mined value of the [predictor] prediction variables or if the 
value of the [predictor] prediction variable for the particular 
case is betWeen the ?rst predetermined value and a second 
predetermined value of the [predictor] prediction variables 
and Wherein the goodness of split rule is of the form: 

NTL NTR ‘ ‘ 

g(T) — Wg(TL) — WQTR) 1f 3* has a first form 
(My) : T T 

N L N R 

C[g(T) — WQTL) — VQTR) if S* has a second form 

Where CI>(S*) represents a goodness of split rule for a split, 
8*; g(T) represents noisiness of a node T; g(TL) repre 
sents noisiness of a left sub-node of node T; g(TR) rep 
resents noisiness of a right sub-node of node T; NT is a 
number ofcases in node T; NTL is a number ofcases in a 
left sub-node of node T; NTR is a number of cases in a 
right sub-node of node T; c is a user-selectable variable 
betWeen 0 and l. 

8. The system of claim 3, Wherein [the] a response variable 
from the one or more response variables is a categorical 
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variable and [the] a prediction variable from the one or more 
prediction variables is a numerical variable. 

9. The system of claim 8, Wherein the splitting means 
further comprises a splitting rule and a goodness of split rule, 
the splitting rule comprising means for placing a case into a 
left sub-node if the value of the [predictor] prediction variable 
for a particular case is less than or equal to a ?rst predeter 
mined value of the [predictor] prediction variables or if the 
value of the [predictor] prediction variable for the particular 
case is betWeen the ?rst predetermined value and a second 
predetermined value of the [predictor] prediction variables 
and Wherein the goodness of split rule is of the form: 

TR 
g(T) — g(TR) if S has a ?rst form 

<I>(S) = NTL NTR 
C[g(T) — WQTL) — WQTR) if S has a second form 

Where @(S) represents a goodness of split rule for a split, S; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in the left 
sub-node ofnode T; NTR is a number ofcases in the right 
sub-node of node T; c is a user-selectable variable 
betWeen 0 and l. 

10. The system of claim 3, Wherein [the] a response vari 
able from the one or more response variables is a numerical 
variable and [the] a prediction variable from the one or more 
prediction variables is a categorical variable. 

11. The system of claim 10, Wherein the splitting means 
further comprises a splitting rule and a goodness of split rule, 
the splitting rule comprising means for placing a case into a 
left sub-node if the case is included in the values of the 
[predictor] prediction variable and Wherein the goodness of 
split rule is of the form: 

NTL NTR 
(N5) = g(T) — WQTL) — VQTR) 

Where (I>(s) represents a goodness of split rule for a split, s; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in the left 
sub-node of node T; and NTR is a number of cases in the 
right sub-node of node T. 

12. A yield management method, comprising: 
pre-processing, via a computing device, an input data set 

comprising one or more prediction variables and one or 
more response variables containing data about a particu 
lar semiconductor process, the pre-processing further 
comprising removing one or more prediction variables 
from the input data set having more than a predeter 
mined number of missing values, removing one or more 
prediction variables from the input data set having more 
than a predetermined number of classes and removing 
data having more than a predetermined number of miss 
ing values to generate pre-processed data; 

generating via the computing device, a model based on the 
pre-processed data, the model being a decision tree; 

modifying via the computing device, the model based on 
user input; and 
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14 
analyZing, via the computing device, the model using sta 

tistical tools to examine one or more key yield factors 
based on the input data set. 

13. The method of claim 12, Wherein the generated model 
further comprises building a decision tree containing a root 
node, one or more intermediate nodes and one or more ter 

minal nodes Wherein a response value at the one or more 

terminal nodes is presented to the user and splitting a node in 
the tree into one or more sub-nodes based on prediction 

variables contained in the node. 
14. The method of claim 13, Wherein the splitting further 

comprises determining if a number of data cases in a node are 
less than a predetermined threshold value, calculating a good 
ness of split value for splitting the node based on each [pre 
dictor] prediction variable in the node, selecting prediction 
variables having a maximum goodness of split value and 
splitting the node into one or more sub-nodes based on the 

prediction variables having the maximum goodness of split 
value. 

15. The method of claim 14, Wherein the one or more 
prediction variables and the one or more response variables 
are categorical variables. 

16. The method of claim 15, Wherein the splitting further 
comprises a splitting rule and a goodness of split rule, the 
splitting rule comprising placing a case into a left sub-node if 
the case is included in the values of the [predictor] prediction 
variable and Wherein the goodness of split rule is of the form: 

NTL NTR 
(N5) = g(T) — WQTL) — WQTR) 

Where (I>(s) represents a goodness of split rule for a split, s; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in the left 
sub-node of node T; and NTR is a number of cases in the 
right sub-node of node T. 

17. The method of claim 14, Wherein the one or more 
prediction variables and the one or more response variables 
are numerical. 

18. The method of claim 17, Wherein the splitting further 
comprises a splitting rule and a goodness of split rule, the 
splitting rule comprising placing a case into a left sub-node if 
the value of the [predictor] prediction variable for a particular 
case is less than or equal to a ?rst predetermined value of the 
[predictor] prediction variables or if the value of the [predic 
tor] prediction variable for the particular case is betWeen the 
?rst predetermined value and a second predetermined value 
of the [predictor] prediction variables and Wherein the good 
ness of split rule is of the form: 

NTL NTR , , 

g(T) — WQTL) — WQTR) 1f S* has a first form 

<I>(S*) = NTL NTR 

C[g(T) — WQTL) — VQTR) if S* has a second form 

Where CI>(S*) represents a goodness of split rule for a split, 
8*; g(T) represents noisiness of a node T; g(TL) repre 
sents noisiness of a left sub-node of node T; g(TR) rep 
resents noisiness of a right sub-node of node T; NT is a 
number ofcases in node T; NTL is a number ofcases in a 
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left sub-node of node T; NTR is a number of cases in a 
right sub-node of node T; c is a user-selectable Variable 
between 0 and l. 

19. The method of claim 14, Wherein [the] a response 
Variable from the one or more response variables is a categori 
cal Variable and [the] a prediction Variable from the one or 
more prediction variables is a numerical Variable. 

20. The method of claim 19, Wherein the splitting further 
comprises a splitting rule and a goodness of split rule the 
splitting rule comprising placing a case into a left sub-node if 
the Value of the [predictor] prediction Variable for a particular 
case is less than or equal to a ?rst predetermined Value of the 
[predictor] prediction Variables or if the Value of the [predic 
tor] prediction Variable for the particular case is betWeen the 
?rst predetermined Value and a second predetermined Value 
of the [predictor] prediction Variables and Wherein the good 
ness of split rule is of the form: 

TL TR 
g(T) — WQTL) — VQTR) if S has a ?rst form 

(NS) : TL NTR 

C[g(T) — WQTL) — VQTR) if S has a second form 

Where @(S) represents a goodness of split rule for a split, S; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in the left 
sub-node ofnode T; NTR is a number ofcases in the right 
sub-node of node T; c is a user-selectable Variable 
betWeen 0 and l. 

21. The method of claim 14, Wherein [the] a response 
Variablefrom the one or more response variables is a numeri 
cal Variable and [the] a prediction Variable from the one or 
more prediction variables is a categorical Variable. 

22. The method of claim 21, Wherein the splitting further 
comprises a splitting rule and a goodness of split rule, the 
splitting rule comprising placing a case into a left sub-node if 
the case is included in the Values of the [predictor] prediction 
Variable and Wherein the goodness of split rule is of the form: 

TR 
g(TR) 

Where (I>(s) represents a goodness of split rule for a split, s; 
g(T) represents noisiness of a node T; g(TL) represents 
noisiness of a left sub-node of node T; g(TR) represents 
noisiness of a right sub-node of node T; NT is a number 
of cases in node T; NTL is a number of cases in the left 
sub-node of node T; and NTR is a number of cases in the 
right sub-node of node T. 

23. A computerized yield managementsystem, comprising: 
pre-processing computing device means executed by a data 

pre-processor in a computer processing unit for pre 
processing an input data set comprising one or more 
prediction variables and one or more response variables 
containing data about a particular semiconductor pro 
cess to remove data having at least a predetermined 
number of missing values to generate pre-processed 
data, and the pre-processing computing device means 
comprising means for removing one or more prediction 
variables from the input data set having more than a 
predetermined number of classes; 

16 
computing device means executed by a model builder in the 

computer processing unit, the model builder being in 
communication with the data pre-processor, for gener 
ating a model based on the pre-processed data, the 

5 model being a decision tree identifying one or more 
variables as key yieldfactors; and 

computing device means executed by a statistical tool 
library in the computer processing unit, the statistical 
tool library being in communication with the model 
builder,for analyzing the model using a statistical tool to 
examine one or more keyyieldfactors based on the input 
data set. 

24. The system of claim 23 wherein the pre-processing 
computing device means further comprises means for remov 
ing one or more prediction variablesfrom the input data set 
having more than a predetermined number of missing values. 

25. The system of claim 23 wherein the pre-processing 
computing device means further comprises means for remov 
ing data having more than apredetermined number ofmiss 
ing values. 

26. The system ofclaim 23, further comprising meansfor 
modi?ting the model based on user input. 

27. A yield management method, comprising: 
pre-processing, via a computing device, an input data set 

comprising one or moreprediction variables and one or 
more response variables containing data about a par 
ticular semiconductor process to remove data having at 
least a predetermined number of missing values to gen 
erate pre-processed data, the pre-processing further 
comprising removing one or more prediction variables 
from the input data set having more than a predeter 
mined number of classes; 

generating, via the computing device, a model based on the 
pre-processed data, the model being a decision tree 
identi?ting one or more variables as key yieldfactors; 
and 

analyzing the model using a statistical tool to examine one 
or more key yield factors based on the input data set. 

28. The method ofclaim 27 wherein the pre-processing 
further comprises removing one or more prediction variables 
from the input data set having more than a predetermined 
number ofmissing values. 

29. The method ofclaim 27 wherein the pre-processing 
further comprises removing data having more than a prede 
termined number ofmissing values. 

30. The method ofclaim 27,further comprising modifying 
the model based on user input. 

3] . A computerized yield management system, comprising: 
pre-processing computing device means executed by a data 

pre-processor in a computer processing unit for pre 
processing an input data set comprising one or more 
prediction variables and one or more response variables 
containing data about a particular semiconductor pro 
cess to remove data having at least a predetermined 
number of missing values to generate pre-processed 
data, and the pre-processing computing device means 
comprising meansfor removing one or more prediction 
variables from the input data set having more than a 
predetermined number of classes; 

computing device means executed by a model builder in the 
computer processing unit, the model builder being in 
communication with the data pre-processor, for gener 
ating a model based on the pre-processed data, the 
model being a decision tree identifying one or more 
variables as key yieldfactors; and 

computing device means executed by a statistical tool in 
the computer processing unit, the statistical tool being in 
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communication with the modelbuilder,for analyzing the 33. The system of claim 3] wherein the pre-processing 
model using the statistical tool to generate yield man- computing device means further comprises means for remov 
agement information. ing data containing invalid values. 

34. The system ofclaim 3],further comprising meansfor 
32. The system of claim 3] wherein the pre-processing 5 modl?jing the model based on user input 

computing device means further comprises means for remov 
ing data containing erroneous values. * * * * * 


