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Process characterization of the chemical mechanical polishing (CMP) process for undensified phosphosilicate glass
(PSG) film is reported using design of experiments (DOE). DOE has been addressed to experimenters to understand
the relationship between input variables and responses of interest in a simple and efficient way. It is typically
beneficial for determining the adequate size of experiments with multiple process variables and making statistical
inferences for the responses of interests. Equipment controllable parameters to operate the machine include the down
force (DF) of the wafer carrier, pressure on the backside of the wafer, table and spindle speed (SS), slurry flow rate, and
pad condition. None of them is independent; thus, the interaction between parameters also needs to be indicated to
improve process characterization in CMP. In this paper, we have selected the five controllable equipment parameters,
such as DE back pressure (BP), table speed (TS), SS, and slurry flow (SF), most process engineers recommend to
characterize the CMP process with respect to material removal rate (RR) and film uniformity as a percentage. The
polished material is undensified PSG. PSG is widely used for the plananization in multi-layered metal interconnects.
We identify the main effect of DE BP, and TS on both RR and film uniformity, as expected, by the statistical modeling
and analysis on the metrology data acquired from a series of 2*" fractional factorial design with two center points.
This revealed the film uniformity of the polished PSG film contains two and three-way interactions. Therefore,
one can easily infer that the process control based on better understanding of the process is the key to success in
semiconductor manufacturing, typically when the wafer size reaches 300 mm and is continuously scheduled to

expand up to 450 mm in or little after 2012.
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1. INTRODUCTION

With the continuous scaling down of device technology and
complicated integration of multi-layered integrated circuits (ICs),
planarization at each level of inter-layer dielectric becomes more
significant in the current system IC manufacturing. The level
of complexity for system IC integration, such as microproces-
sors and digital signal processors, in general, is more complex
than that of memory devices. Planarization was not a required
process step in IC fabrication in the era of mid-size integration,
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which may contain less than hundreds thousands of devices.
However, the requirement for the planar surface to improve the
depth of focus and photo-patterning resolution in multi-levels
of IC integration requires each level of the surface to be a plane.
This becomes a critical step in terms of process integration [1].

Numerous methods have been developed for the planariza-
tion of the wafer surface. These methods include doped glass re-
flow, hydrophobicity, spin etch planarization, spin on deposition
(SOD), reactive ion etch etch-back, SOD etch back, and chemical
mechanical polishing (CMP) [2]. CMP is a widely used planariza-
tion method for global planarization in the semiconductor
industry, because it is compatible with various materials from
dielectrics and metals. It is also useful for planarization of multi-
material surfaces and reduction of severe topography.

Although CMP, compared to other suggested planarization
methods, provides usefulness and increased manufacturing
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Table 1. Factors and their ranges in the experiment.

Factor Units + 0 -
Down force psi 15 11 6
Back pressure Psi 4 2.5 1
Table speed rpm 100 80 60
Spindle speed rpm 40 25 10
Slurry flow mL/min 150 100 50
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Fig. 1. A schematic of chemical mechanical polishing tool and pro-
cess.

throughput, the process control of the process becomes com-
plex with the increased device integration density and the in-
troduction of newer materials that significantly narrow process
latitude with the development of device fabrication technology.
Controlling the process parameters cannot be over-emphasized
to achieve certain levels of process yield. The large number of
tools or process parameters can be grouped into three of the fol-
lowing: 1) tool operating related, such as pressure, velocity, and
temperature; 2) slurry related, such as abrasive, slurry, and fluid;
and 3) pad related.

Separate consideration of each group of parameters for the
analysis of the process may not justifiable since they, with respect
to the results or outputs of interests, are not independent, but
correlated and interact with each other to some degree. In this
paper, we have employed statistical design of experiment (DOE)
to investigate statistical inference of the individual parameters
and their interactions for the figure of merit of the CMP process,
removal rate (RR) and uniformity. A series of CMP experiments
was followed by the DOE, employing a fractional factorial design
with five process parameters. The measured wafer metrology
was statistically modeled and analyzed to draw objective conclu-
sions.

2. EXPERIMENTS
2.1 Material and process

Data for the statistical analysis were acquired from a set of
CMP processes of phosphosilicate glass (PSG) frequently used
in the backend of line process in system IC integration. PSG pro-
vides lower dielectric contact over silicon oxide, and reduces the
depth of steps created by metallization.

The thickness of PSG thin film as deposited on prime grade
p-type <100> silicon wafers was first measured. Then, the differ-
ences in thickness of the film were utilized to find the uniformity,
as well as RR. Film thickness measurement was performed using
NanoSpec, and the thicknesses of five different locations (center,
top, flat, left, and right) were measured to calculate the unifor-
mity of the process.
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Fig. 2. Residual plots for non-uniformity_ Box-Cox transformation.

Five controllable parameters were included as input factors in
this experiment (Table 1). While a series of designed experiment
was performed, other factors, such as types of pad and slurry,
table temperature, and pad condition, were controlled without
change. Figure 1 schematically illustrates tool operation with the
operating parameters.

2.2 Design of experiment

DOE is a statistically driven experiment design method that
provides systematical determination of experimental splits and
enables statistical analysis via analysis of variance (ANOVA)
and regression modeling. It also visualizes the main effects of
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Fig. 3. Main effects plot (data mean) for removal rate (RR).

employed parameters and interactions between parameters for
given responses of interest, herein RR and calculated percent
uniformity.

The benefit of DOE also expands to maximize data analysis
with the least number of experiments. If a process has more
than a very small number of steps, whose possible values have
a large range, the number of experiments needed for process
characterization can be prohibitively large. In addition, the role
of each step in determining the outcome is generally unclear.
The traditionally method of collecting large quantities of data by
holding each factor constant in turn, until all possibilities have
been tested, is an approach that quickly becomes impossible, as
the number of factors increase. Statistical experimental design is
a systematic and efficient alternative methodology for character-
ization and modeling using a relatively small number of experi-
ments. Statistical data analysis was performed by investigating
DOE data from 2°" fractional factorial design with multiple cen-
ter points.

The randomized experimental run order was strictly followed
to avoid experimenter bias or tool condition associated with
time. Two responses of interest, RR and percent non-uniformity
(NU), were calculated using the following simple equation:

2:1:1 (Initial filmthickness — Final filmthickness)/n

RR(A /min) = 7i
ime

Rangeof final thickness
2x Averageof final thickness

NU(%) = x100(%)

We found with the statistical analysis of the given data set that
the percent NU does not follow a normal distribution. Thus, Box-
Cox transformation (BCT) was initially taken before any further
statistical data analysis. The following section will detail this.

3. REGRESSION MODELING
3.1 Statistical assumption

A key underlying assumption in statistics is that the given data
follows the normal distribution. It is highly recommended that
normality be checked before any statistical analysis. Otherwise,
misleading conclusions may result. We have checked the data
normality for both responses. The percent NU showed a rela-
tively poor degree of normality. The central limit theorem may be
employed to justify the normality check with the limited number
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Fig. 4. Interaction plot (data mean) for removal rate (RR).

of experiments. However, this may jeopardize statistically driven
conclusions. Thus, we have employed Box-Cox transformation
with A = -0.5 for the acquired NU data [3].

The transformed NU data, hereafter NU_BCT, were then used
for regression modeling. Figure 2 graphs the result of residual
analysis on the transformed data set. The left-top most figure,
shows the transformed data follows the normal distribution. The

residuals are randomly distributed in the remaining figures.
Therefore, it is assured that the transformation for the NU data
was necessary for further analysis.

3.2 Removal rate

We performed qualitative analysis to understand the relation-
ships between parameters. Statistical analysis and regression
modeling certainly provide a great amount of specific informa-
tion, but one should have sufficient background knowledge of
statistics to interpret the result. However, this paper focuses on
qualitative analysis to provide an insight to first-level equipment
engineers in their operational processes.

Downward force (DF) and slurry flow (SF) have the most in-
fluence. This is not surprising, since the mechanical polishing
mechanism is dominant for PSG. The initially considered vari-
ables of back pressure (BP), spindle speed (SS), and table speed
(TS) were found to be not significant factors from the main ef-
fect plot, as shown in Fig. 3. This too is straightforward. Figure
4 shows the interactions of BP-TS and TS-SS with respect to RR,
but the interactions reside within insignificant parameters.

Conversely, BP can affect RR with DE and they have plausibly
a similar down-forcing mechanism on the wafer in the process.
Qualitative analysis of the two types of plots provides engineers
information about the three most important tool parameters
to keep constant in their device manufacturing. One can follow
the qualitative analysis, such as ANOVA analysis and regression
modeling, to help the degree of control required for this specific
process, but the numerical analysis is out of the scope of this
work. The derived regression equation for the RR is provided be-
low.

RR=182.70+227.47-DF+1.89-BF+5.70-DF-BP-3.66-TS-SS

3.3 Percent NU

Only two parameters, DF and SE are shown to have a statisti-
cally significant effect on the NU, from the main effect plot in
Fig. 5. However, some interactions between other parameters
obviously exist. Qualitative analysis on the percent NU shows
similar results to RR, because its calculation includes the average
value of RR from a different location.
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Fig. 5. Main effects plot (data means) for non-uniformity_ Box-Cox
transformation (NU_BCT).

Stepwise regression modeling was performed to better under-
stand the quantitative information. Initially we have included
two-way interactions. This showed a very poor model fit with the
R-sq value, as high as 40%. Including three-way interaction terms
elevated the model fit almost 60%, but the statistical modeling
still has some degree of residuals from the modeling. Providing
the built regression equation and ANOVA table will give much
detailed information to the analysis. However, the qualitative
analysis still conceptually hold when the model fit does not pro-
vide a good value of R-sq.

NU=-0.71+0.91-DF+1.29-BF-0.54-SF-0.23-DF-BP+0.01-DF-SF

The statistical modeling might not be suggested to be as good
as we expected. However, we did find that DF and slurry flow (SF)
are the most significant factors in CMP. In addition, Wafer BP
interacts with the DF to change of RR, and SS can interact with
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slurry flow (SF) in terms of CMP uniformity. These tool param-
eters should be tightly controlled to increase process yield for
successful semiconductor manufacturing.

4. CONCLUSIONS

Five parameters associated with process characterization were
investigated. Their effects on RR and NU were determined using
regression equation. The analysis shows the main effects, DE BB,
TS, and their two and three way interaction terms were statisti-
cally significant. Ultimately, NU is a complex response resulting
from the high degree of interactions of more than two param-
eters, and the control of NU in larger wafer fabrication process
is very valuable, especially in a high volume-manufacturing en-
vironment. The RR of the CMP process is mainly affected by DF
and SS. However, some degree of interactions obviously exists
that we can no longer ignore.
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