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Abstract—Probe testing following wafer fabrication can pro- or the resources expended in measuring and storing the data; a
duce extremely large amounts of data, which is often used to inspect more effective use of these data sets can be made.
a final product to determine if the product meets specifications. Since the wafer probe test data set is large, consisting of many

This data can be further utilized in studying the effects of the wafer ¢ tentiall t ltivariate st
fabrication process on the quality or yield of the wafers. Relation- measurements on potentially many parameters, multivariate sta-

ships among the parameters may provide valuable process infor- tistical methods are appropriate for modeling and analyzing the
mation that can improve future production. This paper compares relationships among the parameters and yield. A survey of liter-
many methods of using the probe test data to determine the cause of gture reveals that certain types of statistical analysis of semicon-
low yield wafers. The methods discussed include two classes of tra-4, ctor data are quite common. Linear and nonlinear regression

ditional multivariate statistical methods, clustering and principal -
component methods and regression-based methods. These tradi-methOdS [2], [16] and neural networks [8] are common in an-

tional methods are compared to a classification and regression tree alyzing existing data, and designed experiments and response
(CART) method. The results for each method are presented. CART surface methodologies are often used when analysts can obtain

adequately fits the data and provides a “recipe” for avoiding low more data [4]. Various methods for partitioning process varia-
yield wafers and because CART is distribution-free there are no as- 4 11] and for process monitoring are also used [4]. These ref-
sumptions about the distributional properties of the data. CART is
strongly recommended for analyzing wafer probe data. erenc;es are examples of such analyses. )
This paper explores the use of two general classes of tradi-
tional multivariate techniques for this problem not necessarily
discussed in the references above. The traditional methods
are clustering and principal components and regression-type
. INTRODUCTION methods. A nontraditional method called classification and

EMICONDUCTOR devices are typically described ifegression trees (CART) is also explored and results for these
erms of many electrical parameters. The number met.hods are compared using data from an accelerometer
parameters may exceed two hundred for a microprocessor @@vice.
vice—many of which are correlated because process variation' N accelerometer is a surface micro-machined device cre-
at one of the many manufacturing steps can influence sevedftd by stacking sacrificial and permanent layers on the surface
electrical parameters. Similarly, several steps may influeneksilicon wafers followed by removal of the sacrificial layers.
each parameter. Accelerometers are principally used as a sensor for automobile
High-volume wafer fabrication facilities typically producedir-bag systems.
thousands of wafers per week, and each wafer may have frond he data used in this study is described in Section II. Sec-
fifty to several thousand chips. Upon exiting wafer fabricatiofions Il and IV provide brief descriptions of the methods used.
most companies perform electrical tests, often called probe d¥¢ comment on the suitability of these methods for modeling
erations. Regardless of the technology or wafer size, the prd-:ggctrical parameter and yield data. References for further study
operation creates and archives extremely large data sets, wiRjgePresented throughout.
primary function is to determine product acceptance or rejec-
tion. This is not a thorough or efficient use of either the test data Il. DESCRIPTION OFDATA

Index Terms—CART, multivariate statistical methods, tree re-
gression, yield analysis.
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TABLE | is agglomerative clustering, which begins with no data points
VARIABLE DESCRIPTORABBREVIATIONS assigned to clusters and ends with all the points in one cluster.
Several linkage methods were used including Ward’s, single,
and average linkage. Unfortunately, cluster interpretation pro-

Set — Descriptive Statistic for Variables Set Abbreviation

Average o X vided virtually no useful inference regarding a relationship be-
Standard Deviation s tween the data points or the variables in the clusters.

Median m 2) Principal ComponentsBecause of the extremely large
First Quartile qf size of the data set, principal components analysis (PCA) was
Third Quartile qt used in an effort to reduce the dimensionality of the data. PCA
Interquartile Range iq identifies a subspace near most of the data. This subspace is

ideally of much lower dimension than the observed data space.
Consequently, the projection of the data onto the subspace is a

record or wafer. The analyes described in this paper were PRWer dimensional summary or approximation of the data.
formed at the wafer level.

: . - " In PCA, the eigenvectors corresponding to the major eigen-
We will refer to having six “sets” of data, each set corre- : . .
: . L - - “values of the sample covariance matrix are the subspace basis
sponding to one of the six descriptive statistics mentione . . :
i o . : vectors. These eigenvectors are the coefficients for the linear
above. The sets and their abbreviations are given in Table I.

The variable averages set (starting wit)'is the by wafer combination of the observed variables that define the principal

average of each of the 23 variables. The second set (starting v&%}mponent vanal_ale or score. F_or each de_1ta point, the score lo-
.o cates the data point along the axis of the eigenvector. Hopefully,

s") is by wafer standard deviation of each of the 23 variables. o X
: : o - “a'small set of principal components will account for a large pro-
The third through sixth sets are named similarly. The variable: . ; - . X
. : S . Po&tlon of the total variance in the original variables. The prin-

names are omitted for confidentiality reasons and are substitule ; .

. ) i ; . Cipal components can often be interpreted physically based on
with variable numbers; for example2 is the average of vari- , -

. T . each components’ coefficient.

able two ands2 is the standard deviation of variable two. Two orincinal component analvses were performed in

Although some of the variables in the *average” setwere n r_initab FE9] ugin stanpdardized va)r/iables FirstIO each set of
mally distributed, most of the variables that were expectedV fiables (averag es and standard deviat.ions) ’were analvzed
impact yield values were not. Figs. 1 and 2 show the descriptiv% 9 Y

statistics for the variables; (average yield) and an importantseparately' Second, all six sets were combined together and

variablesy;. Obviously, the assumption of univariate normalitypr'gcﬂal componen:js fordthgse_l 138 valna.blﬁs ;{ver? com_put_ed.l
is violated in both cases. In addition, a test proposed by [5 oth avenues produced similar results: the first five principa

with SAS code by [7], also confirms that the data is far fro omponents explained about 60%-80% of the variation in the

multivariate normal. Finally, the descriptive variables were al 8 v;nabk_es. Trtl)JIncateq regu_lts of the PC|:A V\?tr;] all sIX ;etls
not all independent; some were functions of other variables, 2§ shown in Table Il. F|g. IS a scree p o,t of the principa
ponents for the combined data set. Notice that about five

thus strong correlations were observed between certain pair§8?‘ il ired ¢ bl
variables. Preliminary study of these predictor variables indi''"¢!Pa corppr?nent_s l?‘rl'e r(_aqur:red to account for a reasonable
cated that the typical problematic issues associated with wakdpportion of the variability in the data.

probe data also exist with this data set: The data are not normally ° lllustrate the interpretability of the_pr|nC|paI components,
distributed and are not independent. The remainder of this paw found that, for the average set of variables, the first two prin-

describes the search for analysis techniques that will adequafé, Ipomponents might be interpreted as capacnancg. The third
deal with these common data issues while providing clues f8¢iPal component represents both gain and capacitance. The
improving average yield components for the combined data set were more ambiguous

and did not indicate any obvious future course of action that
would lead to yield improvement. Many of the components had
the same variables and some variables seemed to be unrelated to

Two main categories of traditional analysis methods were efffre other variables in the component. Plots of the first five prin-
ployed for this data set. The first category includes clusterirgpal components showed one cluster with a number of outliers.
and principal components. The second category includes a gy, 4 is a score plot of principal component one versus prin-
riety of regression methods. cipal component two and is representative of the other plots. The
black dots represent low-yield wafers. We can see that although
some of the low-yield wafers are outliers on the score plot,

These methods were used in an effort to explain the diffemany are indistinguishable from the high-yield wafers which
ences inyields by reducing the dimensionality and finding struare shown in gray.
ture in the data. For good expositions on these techniques, see
[6] or [11].

1) Cluster Analysis:Cluster analysis is usually performe
to classify (or cluster) observations into groups having similar After relatively little success with clustering and principal
characteristics. Clustering algorithms (unlike classification abomponents, a series of modeling efforts using linear regression
gorithms) assume that the groups or clusters are not known bealysis was made. Description of the general procedure and the
fore the analysis. The method of clustering used in this analysariations discussed below are in [10].

I1l. TRADITIONAL MULTIVARIATE ANALYSIS METHODS

A. Clustering and Principal Component Methods

dB. Regression-Based Analysis Methods
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Variable: x1

Anderson-Darling Normality Test

A-Squared: 47.199
P-Value: 0.000
Mean 0844
StDev 0.130
Variance 0.017
. Skewness -2.652
— o Kurtosis 11.651
| | | | 1 | | N 1122
0.050 0.175 0.300 0.425 0.550 0.675 0.800 0.925
. 0.000
Minimum
Median 0.880
Maximum 0.985

Fig. 1. Descriptive statistics for the variabte (yield) are shown. It is easy to see that the yield response variable is not univariate normal.

Variable: s11

Anderson-Darling Normality Test

A-Squared: 43.798
P-Value: 0.000
Mean 1.862
StDev 0.716
Variance 0.513
Skewness 2.532
Kurtosis 13.664
N 1122
Minimum 0.740
Median 1.680
Maximum 9.310

Fig. 2. Descriptive statistics for the variablg . Many other variables have similar attributes. It is easy to see that this variable is not univariate normal.

TABLE I Since we are, in effect, trying to explain low-yield situations,
EIGENANALYSIS OF THE CORRELATION MATRIX: THE FIRST FIVE our model iS not suf‘ficient.
PRINCIPAL COMPONENTS . . . . .
An alternative to regression on the original variables is regres-
Component  Eigenvalue  Proportion — Cumulative sion on the principal components. This approach can be fruitful
1 32516 0236 0.236 when the original variables are highly correlated (see [10]), as
18.310 0.133 0.368 they are here. Unfortunately, linear regression on the principal
14.052 0.102 0.470 components resulted in an adjusfetivalue of only about 0.28.

Models involving transformations on the predictor variables
and/or on yield, higher order polynomials terms, and spline
functions are often useful (see [3] for an example of regres-
sion splines applied to semiconductor data analysis). For our

1) Ordinary Least Squares Regressio@rdinary least example, two-way interactions of the significant variables from
squares linear regression was used in an effort to isolate vahie original regression were created and used as candidate
ables that might have a direct link to yield. Stepwise regressipredictors along with the original variables in Best Subsets
was first applied to determine potentially important variablesegression in Minitab. Important interactions were found as a
We obtained a model with seven important variables and essult of this analysis, but the final regression equation did not
adjustedR? value of 0.66. The resulting prediction equatiomccount for more variability in yield than the original model
is: yield = 500 — 0.44s3 — 4.52517 — 37.8s13 — 0.326iq15 + which had an adjustef#? of 0.66.
1.59¢t1; — 0.715qty; — 8.07¢f12, wWhere yield is between 0 The interaction model has an adjustBd of 0.65 and uses
and 100. Analysis of the model residuals revealed that mosttbfee of the interactions. The final equationyisld = 179 —
the very large residuals were associated with low yield wafefs671x13511 — 0.42583 — 6.72213813 — 0.331¢15 — 5.99i¢21 —

10.478 0.076 0.546
9.296 0.067 0.613

[ NS ]
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Fig. 3. Plot of eigenvalue versus principal component number is shown. Large eigenvalues (usually greater than one) explain a large amoontiof variati
the data. From this plot, we can see at least five principal components are required to reduce the eigenvalues to only less than ten. It would tagi@ahany pr
components to explain an adequate amount of the variation in the data.

all wafers
.60 4
e ® low yield
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Principal Component 2

Principal Component 1

Fig. 4. Plot of first two principal components. We can see that although some of the low-yield wafers are visible outliers, more than 30 of thetappbixima
low-yield wafers are in the center of the cluster.

7.64qf12 — 0.927x13iq01. Plots of residuals versus the fittedGLM parameters are estimated by the method of maximum

yields plots reveal outliers when trying to predict yields lowedikelihood, so if the error distribution is normal and an identity

than about 60%, which indicates that we still do not havefanction is specified for the link, then the GLM reduces to a

model that will adequately predict all levels of yield. classical linear regression model. See [10], [12] and [13] for
2) Generalized Linear ModelsThe generalized linear more information on GLMs.

model (GLM) is a regression-type model that is very effective We used SASY Proc GENMOD [14] for fitting the gener-

in dealing with nonnormal data. A generalized linear modalized linear model to the yield data with a binomial response

consists of three components: a random component that is digtribution and the logistic link function. We performed two

response variable distribution (or error structure), a systematicalyses on the combined data set: first we used the important

component that is the linear predictor portion of the moderincipal components as the predictor variables, then we used

(analogous to the expectation function in a linear regressite original predictor variables that were identified as important

model), and the link function between the random and thrsed on the stepwise regression analysis.

systematic components that defines the relationship betweeiVald inference statistics for the principal components model

the mean of theth observation and its linear predictor. Thendicate that the first four components were important effects.

response distributions in a generalized linear model are ahe resulting model is

members of the exponential family, which includes the normal, 1

gamma, exponential, Poisson, and binomial distributions. Theeld = 1+exp(1.7863—0.02p1 —0.09p2 +0.08p3 —0.09p2)
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wherep, — p4 are the first four principal components and yieldhodes is the number of nodes, is the number of points in the

is again between 0 and 100. AkP-like statistic can be com- node andj;. is the average of the points in a specific node. In
puted and is 0.48. Wald inference for the model using the rahis case, it can also be likened to a residual sum of squares in
variables also revealed significant effects. The resulting modetegression model.

is shown in the equation at the bottom of the page. It is inter- Node purity measures the similarity of responses at a node
esting to note that the signs of variables indicate courses of ggr a4 subgroup), and the highest node purity is with identical
tion to increase yield that are opposite the actions suggested@yponses at a node. For the sake of brevity, we will not specif-
the linear regression model. Furthermore, the signs on the mogally mention node purity values in this paper. The goal with
coefficients indicate that an increase in the standard deviatieaRT is to minimize model deviance and maximize node purity

of several variables (3, 11, and 13) increases yield. It is possilgnout over-fitting the model. This is accomplished by using
that the attempt via the GLM (which is essentially a nonlinegkyious pruning techniques.

model) to fit extreme groups of high- and low-yield wafers with

a single model is the cause. Finally, tRé-like statistic for this In addition to deviance and node purity, &1-like stafistic

; : . . o i i val model fitness.
model is 0.67, which coupled with thB?-like statistic from ca2n be ob_tamed from dew_an(_:e values to evaluate model fitness
tﬁ alone is not a good criterion, however. TRé value sum-

:jhoenpor;ncrls\?il d?:ggrr:]e?;tr:fd;é’elng;gi)s( tlr;?a?il:);r?grdteri Iso%arizes the data across all regions, but CART users are often
. P P y q P Interested in particular regions of the data (areas of very high

yields. ! : N .
and very low yields). Deviance and node purity in the regions of

C. Conclusions to Traditional Methods interest are better indicators of the model fitness in such cases.

The traditional multivariate methods proved unsuccessful be-USing S-PLUS’s [15] tree regression algorithm, the data were
cause they either did not adequately identify conditions th@falyzed with CART. Separate trees were created using each set
would lead to high yield wafers, (as with ordinary least squar8§ predictors. We als_o built trees with predictors from multiple
regression and generalized linear models) or because the reSiff§: The best tree included both the average and standard de-
were difficult to interpret (as with principal components). In ouYi&tion predictors and is shown in Fig. 5. There are branches to
experience this is a relatively common occurrence in applyif@th 1ow and high yields.
these techniques to probe data; that is, it is likely not an artifactThe leftmost branch of this tree shows the best “recipe” for

of this specific data set. high yields, with average yield over 360 wafers of 93.73%. Note
that the branches are conditional, which meansithaless than
IV. CLASSIFICATION AND REGRESSIONTREES(CART) 468.93 will do no good unless; is less than 2.23.

Another approach to model_bu”ding is based on a recursiveDeViance measures indicate that the tree eXplainS about 62%

partitioning algorithm. Predictor variables are used to partitid the deviance in the data, which is very similar to the best
the data points into regions with similar responses. This parigression metho&? values. This does not seem to indicate
tioning allows one to approximate more general response stiat the CART model provides benefits over the regression
faces than standard regression methods. Typically a binary p&€thods. However, as a referee has pointed out, the CART
titioning is used. At each step, a predictor variable is selectBipdel is capable of essentially equivalent model accuracy,
and a threshold is determined such that data points with the ppel may be easier to interpret and provide intuitive guidance
dictor below the threshold are placed in one subgroup, while tfd yield improvement. It is this ease of interpretation and
other data points form a second subgroup. The method continiftigitive guidance to improvement that make the CART model
by partitioning each of these subgroups by the same proced@ appealing. Not only have we obtained a “recipe” for high
The method is a tree-based technique, but where most tree-ba4@lls, but we have identified priority variables which should
techniques are most often used with large, discrete data sets &losely monitored in order to avoid very low yields.
classification and regression tree (CART) algorithm is designedRecall that, with the least squares regression model, the low
to work with continuous data. Regressors are partitioned usiyiglds appeared as outliers, indicating poor fit. The fit of the
deviation from the average response (yield) in each subgroupGSRT model in the low-yield regions has higher prediction
the criterion. By this approach, the user is able to build a set@fror (as given by the “root mean square errer'24.5) than
paths that lead to a desired average response. For a generaltéstegions of high yield regions (rmse 5.05). This is com-
cussion of CART, see [2]. For an application to semiconductparable to the least squares models where a model fit using
manufacturing, see the dissertation of Sharma [16]. only low-yield data has rmse 9.71 and a model fit using only

A regression tree has branches, which are paths to a leahigh-yield data as rmse 4.74. However, unlike the regression
node. Two important criteria are deviance and node purity. Darodel the CART model specifically identifies the low-yield re-
viance is similar to prediction error in a regression model. Fgions. Further, we are not concerned with prediction in this area,

this type of data, deviance 377 >4 (i — ;)% where  but rather with identifying the variables in the area.

1
1 + exp(30.32 — 0.0383 — 0.26811 — 2.87813 - 0.61qf12 + 0.10qt11 — 0.02iq15 — 0.05(]t21)

yield =
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n=1122
84.38
189700
s11<2.23 s11>2.23

85410
x21<468.94 x21>468.94 S .
n=8\ n=864 n=5
46.62 2060
4450 40350 2993
$3<29.94 $3>29.94 $3<26.86 $3>26.86
n=191\ / n=131
81.76 78.92
7514
45840 10770
x12<7.09
x12>7.09 s11<3.04 s11>3.04
n=108\ n=75 / n=3§\
79.99 71.69 57.31
19230 11440 7092

$6>30.90
n=6 \
67.50
536
s16<18.90 s16>18.90
n=360 / n=20;\
93.783 89.31
3500 4405

Fig. 5. Original tree with ten terminal nodes. Ovals denote nonterminal nodes. Rectangles denote terminal nodes. Deviance values are beesptimttiegor
node. Sample sizes at each node are denoted by “n.”

When using CART, itis best to prune the tree in order to avoldw yields. The average yields improve as the far-left branch of
over-fitting. One way to prune the tree is by cross-validatiotthe tree is followed. Of course, if the standard deviation of vari-
Cross-validation involves partitioning the data set into, say, table 11 cannot be reduced to 2.23, then keeping it below 4.97 is
subsets, forming the tree with nine, and using the results to ptiee next best course of action.
dict the other subset. This procedure is then repeated holding out
one of each of the other subsets, one atatime. A plotis produced
that indicates the deviance for various sizes (number of nodes)
of the tree. An example of this plotis shown in Fig. 6. More than We have illustrated the use of several multivariate analysis
one cross-validation analysis with various random seeds usedl modeling tools to study wafer probe test data. Although
for partitioning is usually recommended [17]. The cross-validalustering analysis seems ideal for this particular problem, the
tion of the above tree indicates that about eight nodes would edsults were disappointing. Results for principal component
ficiently provide an acceptably low deviance. The resulting treenalysis were very difficult to interpret and did not represent as
with eight nodes is shown in Fig. 7. much of the inherent variability in the data as we had hoped.

Fig. 7 shows that reducing the standard deviation of variabléhen the SAS procedure GENMOD was run on the principal
11 (a nonlinear function of both capacitance and conductancemponents, the model was significant, but again, we faced
to less than 2.23 will greatly increase the chances of having hitffe problem of interpreting the principal components. Using
average yield. Ensuring that the average of variable 21 (a caplmear regression, we were able to obtain some interpretable
itance measure) is above 468.9 eliminates further possibility fiasults, but with great time and effort and violation of normal

V. SUMMARY
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Fig. 6. Adequate reduction of deviance in the tree model is possible using a tree with eight nodes.

n=1122
84.38
189700
s11<2.23 511>2.23
85410
x21<468.94 x21>468.94 si1<a.97 189700 497
n=8\ n=864 \ n=5
46.62 20.60
66960 4450 40350 2993
$3<29.94 53529 94 $3<26.86 $3>26.86
81.76 78.92
12<7.09 10770 o
X .
< x12>7.09 e11<3.04 $11>3.04
n=573 n=100\ n=75 / n=39\
91.86 79.99 71.69 57.31
14610 19230 11440 7092

Fig. 7. Final tree after pruning to eight nodes. Ovals denote nonterminal nodes. Rectangles denote terminal nodes. Deviance values are erspathding co
node. Sample sizes at each node are denoted by “n.”

regression assumptions. The splitting of the data accordipigld branches. CART is essentially a distribution-free proce-
to the size of the residuals and to the yield indicated that tdere so the nonnormal yield data does not limit the application
procedure of CART would be ideal. of the procedure. This provided results without the difficulties

The CART analysis proved useful. Both the problem anardinarily associated with nonnormal data. The final tree after
the data indicated a need for partitioning into high- and lowsruning produced a best path to high yield (note the path with
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average yield equal to 91.9%) and a few paths to avoid (note
paths resulting in yields of 47%, 57%, and 21%). We strong

recommend CART as an exploratory and analysis technique |

wafer probe data.
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