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Abstract. In this paper, we propose a time series based method for
analyzing and predicting personal medical data. First, we introduce an
auto-regressive integrated moving average model which is good for all
time series processes. Second, we describe how to identify a personalized
time series model based on the patient’s history information, followed
by estimating the parameters in the model. Furthermore, a case study
is presented to show how the proposed method works. In addition, we
forecast the laboratory tests for the next twelve months in the future,
with giving the corresponding prediction limits. Finally, we draw our
contributions as our conclusions.

1

Introduction and Motivation

Like many areas in medicine, medical tests conduct on small samples collected
from the human being’s body and then provide the information a doctor needed
to evaluate a human being’s health or to understand what is causing an illness.
Sometimes, doctors need to order tests to ﬁnd out more. With the development
of the health care theories, techniques and methods, all kinds of clinic laboratory
tests are available. Then, how to make good use of these large amount of data
and how to predict the laboratory tests in the future are important for the health
care systems [7, 12].
In this paper, we are motivated to analyze the personalized time series process
for a patient for predicting her/his laboratory tests in the future. The data are
from a real research project, which will be introduced in Section 2. We have 79
monthly laboratory test records for each patient. Therefore, for each patient, we
build up a time series process to predict the laboratory tests in the next N th
month or the next N th year. First, we employ a general auto-regression integrated moving average (ARIMA) model [3, 8, 9]which is good for any time series
process. Then, according to the history data, we identify a personalized time series model for each patient by conducting transformations, calculating the sample
auto-correlation function (ACF) [6, 10]and the sample partial auto-correlation
function (PACF) [6, 10]. Third, we estimate the parameters in the personalized model, based on the modiﬁed stationary model for the patient. Later, we
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present a case study to show how the proposed method works, with forecasting
the laboratory tests in the future and giving the 95% prediction interval.
The remainder of this paper is organized as follows. First, we describe the data
set in Section 2. Then Section 3, we introduce a personalized model identiﬁcation
for each patient. An ARIMA model which is the most general model ﬁtting for
every time series process is shown and the steps for how to set up a model for a
patient according to his/her unique time series are presented, followed by estimating the parameters in the model. After that, we present a case study to present
the experimental results, discuss and analyze the inﬂuences of our work in Section
4. Finally, we brieﬂy draw the contributions of this paper in Section 5.

2

Data Set Description

The datasets in our experiment are obtained from Alpha Global IT [1]. Alpha
Corporate Group is an authorization that has been providing Medical Laboratory, Industrial/Pharmaceutical Laboratory, Diagnostic Imaging services and
Managed Care Medical Clinic in addition to providing commercial Electronic
Medical Record and Practice Management Software. The medical test datasets
contains 78 monthly patients’ blood testing records. We ﬁrst extract data for each
patient and rank the data according to time order. Then we apply a general time
series model and identify a personalized stationary model for predictions.
In order to understand the data set better, we present some sample data
in Table 1. There are ﬁve attributes employed in this paper, in which SDTE
stands for service date, PNUM for patient health card number, PSEX for patient
gender, BDTE for patient date of birth and TSEQ for test sequence number. In
particular, for the sake of privacy, the information in Table 1 is faked and it only
shows the format of a class of datasets.
Table 1. Criteria of Theoretical ACF and PACF for Stationary Processes
SDTE
PNUM
PSEX
20020101 patient number female
...
...
...
20030201 patient number female
...
...
...
20040101 patient number female
...
...
...
... ...
20080601 patient number female
...
...
...

3

BDTE
TSEQ
mm/dd/yyyy test1
...
...
mm/dd/yyyy test9
...
...
mm/dd/yyyy test5
...
...
mm/dd/yyyy test1
...
...

Personalized Model Identification

In this section, we introduce a personalized model identiﬁcation for each patient.
First, we introduce an ARIMA model which is the most general model ﬁtting
for every time series process. Then, we describe the steps for how to set up a
model for a patient according to his/her unique time series.
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The General ARIMA Model

In statistics, and in particular in time series analysis, not all time series are always
stationary. A homogeneous non-stationary time series can be reduced to a stationary time series by taking a proper degree of diﬀerencing. The auto-regressive
model, the moving average model and the auto-regressive moving average model,
are useful in describing stationary time series. Then the auto-regressive integrated moving average (ARIMA) model is built as a large class of time series
model using diﬀerencing, which is useful in describing various homogeneous nonstationary time series.
The general ARIMA model can be presented in Equation 1. 1.
ARIM A(p, d, q) : φp (B)(1 − B)d Zt = θ0 + θq (B)at

(1)

where B is a back shift operator [3]; φp (B) is the stationary AR operator [8, 9]
with φp (B) = (1 − φ1 B − ...− φp B p ); θq (B) is the invertible MA operator [11, 13]
with θq (B) = (1 − θ1 B − ... − θq B q ); φp (B) and θq (B) share no common factors;
θ0 is a parameter related to the mean of the process; and at is a white noise
process [3, 9].
The parameter θ0 plays very diﬀerent roles for d = 0 and d > 0. When d = 0,
the original process is stationary, and we get θ0 = μ(1 − φ1 − ... − φp ). When
d > 0, however, θ0 is called the deterministic trend term and is often omitted
from the model unless it is really needed.
3.2

Steps for Model Identification

To illustrate the model identiﬁcation, we consider the generalARIM A(p, d, q)
model introduced in Section 3.1.
Model identiﬁcation refers to the methodology in identifying the required
transformations, the decision to include the deterministic parameter θ0 , and the
proper order of p the AR operator and q for the MA operator. Given a time
series of a patient, we use the following steps to identify a tentative model for
predicting the lab tests in the future.
Step 1. Plot the time series data and choose proper transformations.
In a time series analysis, plotting the time series data is always the ﬁrst
step. Through careful examination of the plot, we usually get a good idea about
whether the series contains a trend, seasonality, outliers, non-constant means,
non-constant variances, and other abnormal and non-stationary phenomena.
This understanding often provides a basis for postulating a possible data transformation. Since we prefer examining the plot automatically, there are more than
one way to understand the series, such as simulating a distribution for the data.
Diﬀerencing and variance-stabilizing transformations are two commonly used
transformations, in time series analysis. Because variance-stabilizing transformations such as the power transformation require non-negative values and diﬀerencing may create some negative values, we should always apply variance-stabilizing
transformations before taking diﬀerencing. A series with non-constant variance
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often needs a logarithmic transformation. More generally, we refer to the transformed data as the original series in the following discussion unless mentioned
otherwise.
Step 2. Compute and examine the sample ACF and the sample PACF of the
original series to further conﬁrm a necessary degree of diﬀerencing so that differenced series is stationary. We employ two rules as follows.
First, if the sample ACF decays very slowly (the individual ACF may not be
large) and the sample PACF cuts oﬀ after lag 1, then it indicates diﬀerencing is
needed. In general, we try taking the ﬁrst diﬀerencing (1 − B)Zt . One can also
use the unit root test proposed by Dickey and Fuller (1979) [4]. In a borderline
case, diﬀerencing is recommended by Dickey, Bell and Miller (1986) [5].
Second, in order to remove non-stationary, we may need to consider a higher
order diﬀerencing (1 − B)d Zt for d > 1. In most cases, d is ether 0, 1, or 2.
Note that if (1 − B)d Zt is stationary, then (1 − B)d+i Zt for i = 1, 2, ... are also
stationary.
Step 3. Compute and examine the sample ACF and the sample PACF of the
properly transformed and diﬀerenced series to identify the orders of p and q where
we recall that p is the highest order in the AR polynomial (1 − φ1 B − ... − φp B p ),
and q is the highest order in the MA polynomial (1 − θ1 B − ... − θq B q ). Usually,
we obtain the needed orders of p and q less than or equal to 3. We also present
a table in Table 2 to summarize the important criteria for selecting p and q.
Table 2. Criteria of Theoretical ACF and PACF for Stationary Processes
Process
AR(p)

ACF
PACF
Tails oﬀ as exponential decay or Cuts oﬀ
damped sine wave
M A(q)
Cuts oﬀ after lag q
Tails oﬀ
damped
ARM A(p, q) Tails oﬀ after lag (q − p)
Tails oﬀ

after lag p
as exponential decay or
sine wave
after lag (p − q)

Step 4. Test the deterministic trend term θ0 when d > 0.
For a non-stationary model, φB(1 − B)d Zt = θ0 + θ(B)at , the parameter θ0 is
usually omitted so that it is capable of representing series with random changes
in the level, slope or trend. If there is reason to believe that the diﬀerenced series
contains a deterministic trend mean, however, we can test for its inclusion by
comparing the sample mean W̄ of the diﬀerenced series Wt = (1 − B)d Zt with
its approximate standard error SW̄ . To derive Sw̄ , we note that
limn→∞ nV ar(W̄ ) =

∞


γj

(2)

j=−∞

Hence, we get
2
σW̄
=

γ0 
1
1
j = −∞∞ ρj =
j = −∞∞ γj = γ(1)
n
n
n

(3)
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where γ(B) is the auto-covariance generating function and γ(1) is its value at
B = 1. Thus, the variance and the standard error for W̄ is model dependent.
For example, for the ARIM A(1, d, 0) model, (1 − φB)Wt = at , we have:
γ(B) =

σa2
(1 − φB)(1 − φB −1 )

(4)

so that
1
σa2
σ 2 1 − φ2
= W
2
n (1 − φ)
n (1 − φ)2
σ 2 1 + ρ1
σ2 1 + φ
= W
= W
n 1−φ
n 1 − ρ1

2
σW̄
=

2
= σa2 /(1 − φ2 ). The required standard error is
where we note that σW

γ̂0 1 + ρ̂1
SW̄ =
(
)
n 1 − ρ̂1

(5)

(6)

Expressions of SW̄ for other models can be derived similarly. At the model
identiﬁcation phase, however, because the underlying model is unknown, most
available software use the approximation
SW̄ = [

γ̂0
(1 + 2ρ̂1 + 2ρ̂2 + ... + 2ρ̂k )]1/2
n

(7)

where γ̂0 is the sample variance and ρ̂1 , ..., ρ̂k are the ﬁrst k signiﬁcant sample
ACFs of {Wt }. Under the null hypothesis ρk = 0 for k ≥ 1, we can reduce
Equation 6 to

(8)
SW̄ = γ̂0 /n
Alternatively, one can include θ0 initially and discard it at the ﬁnal model
estimation if the preliminary estimation results is not signiﬁcant.
3.3

Parameter Estimation

After we identify a personalized model in Section 3.2, we have to estimate the
parameters in the model. In this section, we apply the method of moments for
parameter estimation.
The method of moments consists of substituting sample moments such as the
sample mean Z̄, sample variance γ̂0 and the sample ACF ρ̂i for their theoretical
counterparts and solving the resultant equations to obtain estimates of unknown
parameters. For better understanding, we take an auto-regressive process AR(p)
as an example. In a similar way, we can deal with a moving average process
M A(q) and an auto-regression moving average process ARM A(p, q) at the same
way.
In an AR(p) process, we have
˙ + φ2 Zt−2
˙ + ... + φp Zt−p
˙ + at
Żt = φ1 Zt−1

(9)
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the mean u = E(Zt ) is estimated by Z̄. To estimate φ, we ﬁrst use that ρk =
φ1 ρk−1 + φ2 ρk−2 + ... + φp ρk−p for k ≥ 1 to obtain the following system of
Yule-Walker [13] equations:
ρ1 = φ1 + φ2 ρ1 + φ3 ρ2 + ... + φp ρp−1
ρ2 = φ1 ρ1 + φ2 + φ3 ρ1 + ... + φp ρp−2
...

(10)

ρp = φ1 ρp−1 + φ2 ρp−2 + φ3 ρp−3 + ... + φp
Then, replacing ρk by ρˆk , we obtain the moment estimators φˆ1 , φˆ2 , ..., φˆp by
solving the above linear system of equations. That is,
⎞−1 ⎛ ⎞
⎛ ˆ ⎞ ⎛
φ1
1
ρˆ1 ρˆ2 .. ρp−2
ρˆ1
ˆ ρp−1
ˆ
⎟ ⎜ ρˆ2 ⎟
⎜ φˆ2 ⎟ ⎜ ρˆ1
1
ρ
ˆ
..
ρ
ˆ
ρ
ˆ
1
p−3
p−2
⎟ ⎜ ⎟
⎜ ⎟=⎜
⎝ .. ⎠ ⎝ ..
.. ⎠ ⎝ .. ⎠
ρp−1
ˆ ρp−2
ρˆp
ˆ ρp−3
ˆ .. ρˆ1
1
φˆp

(11)

These estimators are usually called Yule-Walker estimators [13].
Having obtained φˆ1 , φˆ2 , ..., φˆp , we use the result
˙ + φ2 Zt−2
˙ + .. + φp Zt−p
˙ + at )]
γ0 = E(Żt Żt ) = E[Żt (φ1 Zt−1
= φ1 γ1 + φ2 γ2 + .. + φp γp + σa2

(12)

and obtain the moment estimator for σa2 as
σa2 = γ̂0 (1 − φ̂1 ρ̂1 − φ̂2 ρ̂2 − φ̂p ρ̂p )

4

(13)

Case Study

In this section, we present an example to show our proposed personalized time
series model.
4.1

Model Identification

The number of laboratory tests can be attractive for many health care systems.
Figure 1 shows a time series for a female patient who had done her blooding
tests from January, 2002 to July, 2008. In total, there are 79 records as the
observations of consecutive months. From this ﬁgure, it indicates that the series
is not stationary in the mean and variance. We compute the sample ACF and
sample PACF of the time series Z are shown in Figure 2 and 3 for choosing
transformations or diﬀerencing. In Figure 2 and 3, we can see that the sample
ACF doesn’t decays very slowly, and the sample PACF does not cut oﬀ after lag
1. Therefore, we do not need to consider a degree of diﬀerencing to make the time
series stationary. At the same time, to investigate the required transformation for
variance stabilization, we apply the power transformation analysis [2] to suggest
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Fig. 2. Sample ACF for Time Series Z

an optimal parameter as λ = 0.25. The power transformation is presented in
Equation 14
Wt = T (Zt ) =

Ztλ − 1
λ

(14)

The transformed time series process W is plotted in Figure 4, in which we
can see that W is stationary in the mean but may not be stationary in the
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variance. Hence, we further compute the sample ACF and sample PACF for the
transformed series W , which are shown in Figure 5 and 6.
The sample ACF shows a dample sin-consine wave and the sample PACF has
relatively large spike at lag 1, 8 and 13, suggesting that a tentative model may
be an AR(1) model in Equation 16.
(1 − φB)(Wt − μ) = at
where Wt = T (Zt ) =

Ztλ −1
λ

in Equation 14 with λ = 0.25.

(15)
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4.2

Forecasting

We have identiﬁed an AR(1) model in Section 4.1 for the transformed series. In
this section, we also use this transformed series to forecast the next N th month
laboratory tests in the future [3].
For this AR(1) model, we have
(1 − φB)(Wt − μ) = at

(16)
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where φ = −0.1, μ = 1.2 and σa2 = 0.1. In this case, we have 79 observations
and want to forecast the next year of twelve months with their associated 95%
forecast limits.
First of all, we write the AR(1) model as
Wt − μ = φ(Wt−1 − μ) + at

(17)

and the general form of the forecast equation is
Ŵt (l) = μ + φ(Wˆt−1 (l − 1) − μ)
= μ + φl (Wt − μ)

(18)

Thus, the following twelve months’ predictions are computed in Equation 19 and
the results are shown in Table 3.
−1
)
0.25
20.25 − 1
Wˆ79 (2) = 1.2 + (−0.1)2 ∗ (
)
0.25
...
2
Wˆ79 (1) = 1.2 − 0.1 ∗ (

0.25

2
Wˆ79 (12) = 1.2 + (−0.1)12 ∗ (

(19)

−1
)
0.25

0.25

Table 3. Forecasting for the Next Twelve Months
Predicted Month 1 2 3 4 5 6 7 8 9 10 11 12
Numbers
2.4 2.0 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.1 2.1
Table 4. 95% Forecasting Limits for the Next Twelve Months
Predicted Month
1
2
3
4
5
6
Intervals
[0.2, 12.1] [0.1, 10.9] [0.1, 11.0] [0.1, 11.0] [0.1, 11.0] [0.1, 11.0]
Predicted Month
7
8
9
10
11
12
Intervals
[0.1, 11.0] [0.1, 11.0] [0.1, 11.0] [0.1, 11.0] [0.1, 11.0] [0.1, 11.0]

Second, in order to obtain the forecast limits, we calculate the weights called
ψ from the relationship
(1 − φB)(1 + ψ1 B + ψ2 B 2 + ...) = 1

(20)

ψj = φj , ∀j ≥ 0

(21)

That is,
Therefore, the 95% forecast limits for the forecasting results in Table 3 are
computed in Table 4.

Wˆ79 (1) ± 1.96 ∗ σa2
(22)
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Conclusions

In this paper, we propose a time series method on how to identify a personalized
model based on the patient’s laboratory test records. After successfully building
up the personalized model, we predict the laboratory tests in the future. In
addition, we also give a predictive limits for the forecasting, which is useful for
many health care systems. The case study shows that the proposed method
provides a good way for personalization analysis.
In the future, we will continue on working for personalization tools, such as
making this time series method be a GUI tool. Furthermore, we plan to work on
group information for predictions.
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