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QC Chart Mining

Masanori Inada†,†† and Takao Terano††,†††

This paper presents a novel method:“QC Chart Mining”, which aims at extracting sys-
tematic error patterns from quality control charts at a medical laboratory. In this paper
we describe the basic principle of a time decomposition mechanism for QC Chart Mining in
order to detect substantial systematic errors, which might deteriorate clinical test data in
their analytical processes. QC Chart Mining is used to recognize quality problems such as
long-term trends and/or daily cyclic variations in analytical processes of clinical tests, then
to improve the quality level over clinical laboratory medicine. Intensive experiments from
both actual quality-control data and artificial data have revealed the validity of the proposed
method. Our results have shown that the proposed method is useful and effective for quality
managements in a medical laboratory.

1. Introduction

This paper describes a quality management
tool on basis of a time decomposition method
for a medical laboratory. QC Chart Mining
is a novel quality management methodology
to uncover the abnormalities in analytical pro-
cesses and to resolve quality problems, based on
the viewpoint of long-term technical evaluation
through a time decomposition method, which
extracts patterns from time series of control
specimens stored in a medical laboratory. The
purpose of the QC Chart Mining is to recog-
nize quality problems like long-term trends and
daily cyclic variations within analytical pro-
cesses of clinical tests. We are aiming at finding
solutions for these problems, and to improve the
quality level over clinical laboratory medicine fi-
nally.

”Control chart” is a well-known method for
statistical process control1). It is frequently
used in numerous clinical laboratories. To use
the control chart, they assume that only ran-
dom errors will occur without systematic bi-
ases. Actually, the control chart detects vital
changes from normal states and ignores triv-
ial noises within the stationary condition in an
analytical process. However, when there would
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exist systematic errors in the analytical process,
the statistical decision using the control chart
would be collapsed. Because it is difficult to
establish the state of statistical control in real
world, it is necessary to develop novel quality
management methods, which are effective in the
cases with systematic errors.

Cleveland et al. developed“ STL2)”, which
is a time decomposition method based on non-
parametric regression3)∼5). It is often used in
economic time series analysis as a seasonal ad-
justment technique. We will apply this method
to the quality management tool for a medical
laboratory.

We will validate the usefulness of the pro-
posed tool with intensive experiments about
actual quality-control data measured 10 times
a day constantly for 20 days from an auto-
matic analyzer. We will also show the perfor-
mance of the tool through artificial simulation
data, which contain Gaussian random noises, a
trigonometrical function data, and a linear de-
creasing function data.

This paper organizes as follows. Section 2 de-
scribes issues of quality management in a med-
ical laboratory and explains the drawback of
the control chart. Section 3 describes the basic
principles of QC Chart Mining. Section 4 ap-
plies the proposed tool to actual quality-control
data in order to validate the method in practi-
cal use. Section 5 evaluates the performance of
the tool using several composite functions. Sec-
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b ）　Actual quality control data of a Control sera's Total Bilirubin3.63.73.83.94.04.14.2  Measurement of T-BIL （ｍｇ/dl） a ）　Artificial data from Gaussian random numbers　：　ｘ ～ Ｎ（3.90, 0.0352 ）3.63.73.83.94.04.14.2Artificial data +3 SDmean-3 SD+3 SDmean-3 SD  →　Time　（day）Measured 10 times a day
Fig. 1 Ideal Control Chart and Actual Control Chart

tion 6 discusses the experiment results. Final
section describes conclusions and future work.

2. Quality Management in Medical
Laboratory

Conventionally medical laboratories manage
the quality of clinical test data with statistical
process control. They throw some control speci-
mens known concentration/activity into analyt-
ical processes in automatic analyzers and then
compare the output values to predetermined
values. They employ ”Control chart” for this
management6),7).

The control chart is an important manage-
ment tool for manufacturing process control in
the field of Statistical Quality Control1). She-
whart translated statistics to the quality con-
trol and organized the methodology8). When
a target process is stable, its variation is ran-
dom within a constant range. Based on statis-
tical theory, if a normal distribution can be as-
sumed for the random variation, the frequency
exceeding the mean± 3× standard deviations
is less than 0.3%. Employing the both ends of
this range as lower and upper control limits, we
become aware of the essential change deviated
from a stable state to unexpected one in the
process rather than the rare occurrence in the
stable process.

The control chart can detect crucial changes
in a target process under the state of statistical

control where there are only random errors like
normal distributions without systematic errors
like trends and cyclic variations. In general,
because it is difficult to establish the state of
statistical control, we have to use the control
chart with systematic errors. Systematic errors
confuse statistical logic in the control chart and
mislead us.

For example, Figure 1 shows two control
charts. While the upper chart indicates most
data plots generated with Gaussian random
numbers are inside the mean ± 3 × standard
deviations as the control limits, the lower chart
indicates 32 plots among 200 points of real
quality-control data are outside the control lim-
its. At first glance it is clear that there are sys-
tematic errors in real data. In fact, since no
fatal problems have occurred in the analytical
process, users have allowed this behavior in the
chart without regard to statistical control lim-
its. It is not enough to manage processes with
control charts. We need a tool to systematically
manage measurement errors including system-
atic errors and random noises.

3. QC Chart Mining

The outline of QC Chart Mining is depicted in
Figure 2. QC Chart Mining consists of the time
decomposition phase and the problem discovery
phase.

The time decomposition method decomposes
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Daily ComponentTime Series DecompositionTime Series DecompositionTime Series DecompositionTime Series Decomposition Correlation Analysis for Trend Components between ControlsCorrelation Analysis for Trend Components between ItemsPartial Correlation Analysis for Trend Components between ItemsCorrelation Analysis for Remainders between ItemsAssociation Rule Analysis for Remainders among ItemsOverview RemaindersProblem Discovery ApproachesProblem Discovery ApproachesProblem Discovery ApproachesProblem Discovery ApproachesOverview Extracted ComponentsTrend ComponentRemainderOriginal Data
Fig. 2 Outline of QC Chart Mining

a time series into seasonal, trend and irregular
components using“loess3)”, acronym STL2), by
the following. The seasonal component is found
by“ loess” smoothing the seasonal sub-series
(the series of all January values,…); smoothing
can be effectively replaced by taking the mean.
The seasonal values are removed, and the re-
mainder smoothed to find the trend. The over-
all level is removed from the seasonal compo-
nent and added to the trend component. This
process is iterated a few times. The remain-
der component is the residuals from the sea-
sonal plus trend fit. For a medical laboratory,
a quality-control data set is a time series with
daily period, and then extracted components
correspond as follows : the trend component
is a long-term trend, the daily component is a
cyclic pattern within day, and the remainder is
a series of random error. This time decomposi-
tion method can be used to evaluate systematic
errors.

After decomposing of a time series, extracted
component patterns are visually distinguished.
The proportion of each component contributing
to original data is calculated.

In the problem discovery phase, extracted
components are compared across other test
items or other control specimens. Par-
allelisms/relationships of trend components
among test items related on analytical mech-
anism are assessed with correlation analysis.
Coincidences of outliers in remainders are also
evaluated with apriori algorithm9). Focusing
the background of systematic errors, these anal-
yses would provide hints to solve quality prob-
lems.

4. Case Study

In this case study we would like to validate

the usefulness of QC Chart Mining, applying
the tool to actual quality-control data in a
medical laboratory. We mainly deal here with
the time decomposition phase and are not con-
cerned here with the problem discovery phase
intimately.

4.1 Data Set
We prepared the actual quality-control data;

the both of Total and Direct bilirubin of a con-
trol serum have been measured 10 times a day
constantly for 20 days on Hitachi 7600 ana-
lyzer at the Department of clinical laboratory
in Toranomon hospital, Tokyo.

4.2 Method
First we decompose each time series. Sec-

ond we calculate each variance of components
and the proportion of each component to the
original data. Third we compare the long-term
trend of Total bilirubin to that of Direct biliru-
bin.

4.3 Result
Figure 3 depicts the result of time decompo-

sition of Total bilirubin. There were systematic
errors in the analytic process of Total biliru-
bin. The long-term trend accounts for 54% of
the original data variation. The daily compo-
nent represents that measurement values are
decreased gradually from the morning to the
afternoon within a day. Meanwhile, the remain-
der shows that random measurement errors are
stable within the range of its mean±3 standard
deviations. Figure 4 indicates the parallelism
between Total bilirubin and Direct bilirubin. In
addition, although the result is not shown, the
daily component of Direct bilirubin is relatively
small.

5. Simulation Study

In this simulation study we would like to eval-
uate the performance of the time decomposition
of QC Chart Mining, applying the tool to arti-
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Variance %Original 0.00575 100Trend 0.00309 54Daily 0.00092 16Remainder 0.00113 203.63.73.83.94.04.14.2Original Data （ｍｇ/dl） 3.683.803.924.04
-0.3-0.2-0.10.00.10.20.3Daily Variation （ｍｇ/dl） 3.63.73.83.94.04.14.2Long-term Trend （ｍｇ/dl）
-0.3-0.2-0.10.00.10.20.3Remainder （ｍｇ/dl） -0.21-0.11-0.010.090.19

Time Decomposition
++

Fig. 3 Time Decompositon of Actual Control Chart Data

ficial data generated from a few functions and
Gaussian random numbers. We observe the be-
havior of the tool on an ideal control chart cre-
ated from Gaussian random numbers and a con-
stant. Furthermore we evaluate the agreement
between the origin and the recovery.

5.1 Data Set
We prepared two composite functions with

200 data points to evaluate the tool ; One is
composed from the constant 3.9 and the Gaus-
sian random numbers determined by the mean
0 and the standard variation 0.035 to repro-
duce the state of statistical control. Another
is composed from 3 components: the trigono-
metrical function f(t)=0.1sin(t)+3.90, the lin-

3.63.73.83.94.04.14.2T-BIL（mg/dl） 1.21.31.41.51.61.71.8 D-BIL（mg/dl）T-BILD-BIL
Fig. 4 Comparison of Trend Components

ear decreasing function from 0.05 to -0.04 ev-
ery piece of 10 points , and the Gaussian ran-
dom numbers determined by the mean 0 and
the standard variation 0.035.

5.2 Method
First we decompose each composite function.

Second, for the former function, we calculate
the variance of extracted components and the
proportion of each component to the composite
function data. To grasp the reproductivity of
this simulation about the ideal state, we repli-
cate this study 10 times. Third we compare
corresponding components between origin and
recovery for the latter composite function.

5.3 Result
Figure 5 shows the result of time decompo-

sition of the composite function reflected the
ideal state in which there are only random
noises without systematic errors. The extracted
long-term trend and the daily component sug-
gest that there are no systematic errors. The
results of the reproductivity of this study ap-
pear in Table 1. Whereas the total variations
of extracted trends and daily components are
below 20% approximately, remainders account
for the variations of the composite data mainly.
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Variance %Original 0.00131 100Trend 0.00008 6Daily 0.00006 5Remainder 0.00112 863.63.73.83.94.04.14.2Original Data （ｍｇ/dl） 3.683.803.924.04
-0.3-0.2-0.10.00.10.20.3Daily Variation （ｍｇ/dl） 3.63.73.83.94.04.14.2Long-term Trend （ｍｇ/dl）
-0.3-0.2-0.10.00.10.20.3Remainder （ｍｇ/dl） -0.21-0.11-0.010.090.19

Time Decomposition
++

Fig. 5 Time Decompositon of Ideal Control Chart Data

3.73.83.94.04.1
a) Trend ComponentOriginRecoverｙ -0.2-0.10.00.10.2

b) Daily ComponentOriginRecoverｙ c) Remainder-0.2-0.10.00.10.2
-0.2 -0.1 0.0 0.1 0.2OriginRecoveryf(t) = 0.1 Sin（ｔ） + 3.90 f(t) ～[-0.04,0.05] f(t)～ N( 0，0.0352）Time Time

Fig. 6 Result of Simulation Study

Figure 6 indicates that the origins of the latter
composite function are recovered by the core
technique of QC Chart Mining namely the time
decomposition.

6. Discussion

The result of the case study makes us rec-
ognize systematic errors visually. We can de-
duce from Figure 3 that much of the variation
of the analytical process is made from the long-
term trend and the daily cyclic variation. It be-
comes clear that the measurement values of To-

tal bilirubin are decreasing gradually from the
morning to the afternoon by the time decom-
position, although it is not clear from the chart
of the original data. The remainder suggests
that random errors follow a normal distribu-
tion without extreme outliers. The parallelism
in Figure 4 demonstrates that two analytical
processes have a common factor of the fluctu-
ation. Investigating the stability of the control
specimen itself, we have solved this problem.

The results of the simulation show that the
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Table 1 Proportion of Variation in Ideal State

Trend Daily Remaindar
1 0.24 0.03 0.73
2 0.12 0.01 0.87
3 0.12 0.07 0.81
4 0.11 0.02 0.87
5 0.15 0.05 0.80
6 0.18 0.05 0.77
7 0.18 0.01 0.81
8 0.11 0.02 0.87
9 0.18 0.04 0.78

10 0.11 0.02 0.88

proposed tool seldom misleads us. If the ana-
lytical process is stable in an ideal state, most
of the variation of original data is accounted
by the remainder. When there are long-term
trends and/or daily cyclic variations in the pro-
cess, they are recovered respectably. Critics
may argue that the performance depends on
the smoothing parameter tuning in the local re-
gression3) as a non-parametric regresson4). It is
sure. However, the default value recommended
by Cleveland et al.2) has been well-performing
in our experiences.

QC Chart Mining would bring paradigm
shift. Due to systematic errors, control charts
make users insensitive to alarms and make them
lose quality improvement opportunities. QC
Char Mining makes us evaluate the state of pro-
cess easily in the time decomposition phase, and
recognize the structure of problems and the hint
for solutions in the problem discovery phase.
Ultimately QC Chart Mining will improve the
quality level toward attaining the state of sta-
tistical control.

7. Conclusion and Future Work

In this paper, we have proposed QC Chart
Mining: a quality management tool for a med-
ical laboratory. QC Chart Mining decomposes
a time series of quality-control data into long-
term trend, daily variation and remainder com-
ponents. Through the intensive case study,
the tool is useful both to uncover substantial
systematic errors visually and to evaluate ran-
dom errors. The results of simulation study
have also shown that the time decomposition
method has good performance for the practical
use. In the near future, QC Chart Mining will
change quality managements in a medical labo-
ratory from passive monitoring approach to ac-

tive improvement of analytical processes of clin-
ical tests. The future direction of this study is
to develop a Case Based Reasoning10) system,
which would store cases of quality problems and
their solutions.
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