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Abstract: 

We begin by exploring ideas in pattern extraction from medical record datasets. Association 

rule has been studied extensively in the Knowledge Discovery in Databases (KDD) field for 

pattern extraction, and there exists many well-organized algorithms to perform such task. 

The support and confidence thresholds are usually used to guide the search for exciting 

patterns. From our literature survey, I observed that most of the pattern mining methods are 

extensive; some practical difficulties occur when the number of items in each record is very 

large.  

 

Data mining has been defined as "the nontrivial pulling out of implicit, previously unknown, 

and potentially helpful information from data" [19] and "the science of extracting useful 

information from huge data sets or databases" [20]. Furthermore, data mining provides 

results that probably highlight vaguely understood doctrine and offer useful insights to help 

in decision making process. With the development of hardware and software and the fast 

computerization of business, huge amount of data has been collected and stored in the 

databases. The hospital maintains manual, and limited electronic records of patient clinical 

and physiological data. They have a range of monitors and other equipment that may be 

attached to each baby and/or their crib at any given point in time, however, the information 

collected by these monitors is not available in electronic form for future reference, analysis 

or research purposes. In the modern healthcare, Evidence-based medicine is new a direction. 

Its task is to prevent, diagnose and medicate diseases using evidence based medical system.  

Medical data about a large patient population is analyzed to perform healthcare 

management and medical research. In order to obtain the best evidence for given disease, 

external clinical expertise as well as internal clinical experience must be available to the 

healthcare practitioners at right time and in the right manner.  External evidence-based 

knowledge can not be applied directly to the patient without adjusting it to the patient’s 

health condition.  
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1. Introduction: 

Development of data model in clinical data management is an ongoing process. Health care 

generates mountains of administrative data regarding patients, hospitals, bed costs, claims, 

etc. Clinical trials, electronic patient records and computer supported disease management 

will more and more produce mountains of clinical data. This data is a calculated resource for 

health care institutions. The past two decades have seen a dramatic enlarge in the amount of 

data being stored in electronic format. This assembly of data has taken place at a quick-

tempered rate. It has been estimated that the quantity of information in the world doubles 

every 20 months and the size and number of databases are increasing even quicker (Dilly 

1995:1). According to Marakas (1998:5), during the 1980s, businesses and industries all over 

the globe participate in a “frenzy” of automation. Almost accurately, “if it moved, it was 

computerized”. In this regard, the office became the new boundary for analysts and software 

engineers much as the factory floor had been in the previous decade. This overwhelming 
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concentration on the computerization of business processes appeared to offer organizations 

the opportunity to improve from within and realise benefits such as amplified profits and 

reduced costs. Although many mission-critical business processes were improved during this 

period, the hold of decision making throughout the organization remained paying attention on 

the operational and functional levels of the organization. Basic stock reports gushed out of 

the organization‟s information systems at a frightening rate on a daily, weekly, monthly and 

yearly basis. Often, the data used to construct these regular emanations were too older, 

detailed, or aggregated. In some cases, the use of such reports led to negative cost seemingly 

better than if no information had been used. 

 

Through the use of the previously defined DSS principles, the major components of this 

architecture have been defined as follows: 

 Collection of Clinical Data – represents the systems and equipment from which data will be 

collected. 

 Data Warehouse – serves as the data repository. It holds snapshots of organizational data 

together with high frequency stream data. 

 Model Base – stores the associated organizational models that serve as the basis for 

research and decision support. 

 User Interface – provides access to the clinical and physiological data through a secure 

intranet/internet browser. 

 

1.1 Clinical Data Environment and Normalization: 

Clinical Data Management describes that the clinical data pass through from data collection 

until data is analyzed for the statistical reports. In any database data standards already defined 

to include extra data sets and variables that are specific to a particular clinical attribute. The 

standard data sets and variables for the database are then used to define the analysis data sets 

for the actual study. Once the raw data structure is known and the analysis data structure has 

been specified, the data must be run through a transformation process to convert it from one 

format to the other.  

 

For reasons of both data integrity and performance, it is the goal of a production database, to 

represent each fact or data item in only one place. The data redundancy not only causes 

potential errors in data maintenance; it also requires added storage. Normalization is the 

technical name for the process that reveals and then eliminates data redundancy.  

 

1.2 Clinical Data Complexity: 

Analysis data structures in clinical projects do not completely conform to normalization in 

real life for many reasons. Main reasons are attributed to the way programmers and 

statisticians use the data at that stage to create the reports and the nature and the source of 

data. Normalization, as discussed in the previous section, makes the task of updating and 

modification in the original data tables easier as it eliminates duplication of information. 

However, the main place of update and modification of data is the original CDBS and not the 

analysis database. The other important reason is that statistical programming needs not the 

completely normalized structure in the analysis data structure. This will pose an extra 

overhead of combining data sets to create meaningful and workable data sets for the 

production of Tables and Listings. Thus, it leads to normalization and de-normalization at the 

same time. Also, it is better to keep some basic information such as visit number, visit date, 

etc. in every analysis data set. 
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2. TIME SERIES ANALYSIS FOR FORECASTING 

A time series is a sequence of data points, measured typically at successive times spaced at 

uniform time intervals. Examples of time series are the daily closing value of the index or the 

annual flow volume of the Nile River at Aswan. Time series analysis comprises methods for 

analyzing time series data in order to extract meaningful statistics and other characteristics of 

the data. Time series forecasting is the use of a model to forecast future events based on 

known past events: to predict data points before they are measured. An example of time 

series forecasting in econometrics is predicting the opening price of a stock based on its past 

performance. Time series are very frequently plotted via line charts. 

 

Time series data has a natural temporal ordering. This makes time series analysis different 

from other common data analysis problems, in which there is no natural ordering of the 

observations for example explaining people's wages by reference to their education level, 

where the individual data can be entered in any order. Time series analysis is also distinct 

from spatial data analysis where the observations typically relate to geographical locations 

(e.g. accounting for house prices by the location as well as the intrinsic characteristics of the 

houses).  

 

2.1 A Summary of Forecasting Methods 

A time series is a set of ordered observations on a quantitative characteristic of a 

phenomenon at equally spaced time points. One of the main goals of time series analysis is to 

forecast future values of the series. A trend is a regular, slowly evolving change in the series 

level. Changes that can be modeled by low-order polynomials. The use of intuitive methods 

usually precludes any quantitative measure of confidence in the resulting forecast. The 

statistical analysis of the individual relationships that make up a model, and of the model as a 

whole, makes it possible to attach a measure of confidence to the model‟s forecasts.  

 

In Time-Series Models presume to know nothing about the causality that affects the variable 

we are trying to forecast. We examine the past behaviour of a time series in order to infer 

something about its future behaviour. This method used to produce a forecast may involve 

the use of simple deterministic model such as a linear extrapolation or the use of a composite 

stochastic model for adaptive forecasting. Time-series models have been used to forecast the 

demand for seasonal telephone demand, airline capacity, the movement of short-term interest 

rates, and other financially viable variables. Time-series model is particularly useful when 

little is known about the underlying procedure one is trying to forecast. The limited structure 

in time-series models makes them reliable only in the short run, but they are nonetheless 

rather helpful.  

 

3. Seasonal Index 

Seasonal index represents the extent of seasonal influence for meticulous segments of the 

year. The calculations involve a comparison of the expected values of that period to the grand 

mean.  A seasonal index is how much the average for that particular phase tends to be above 

(or below) the grand average. Therefore, to get an precise estimate for the seasonal index, we 

compute the average of the first period of the cycle, and the second period, etc, and divide 

each by the overall average. The formula for computing seasonal factors is:  

 

Si = Di/D,  

where: 

Si = the seasonal index for i
th

 period 
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Di = the average values of i
th

 period 

D = grand average 

i = the i
th

 seasonal period of the cycle. 

 

3.1 A Numerical Application 

The table 1 provides number of patients on monthly basis at the hospital. The number of 

patient shows a seasonal pattern. Suppose we wish to calculate monthly number of patients 

and a trend, then calculate the forecasted number of patient for July in year 2010. The first 

step in the seasonal forecast will be to compute monthly indices using the past three years 

number of patients. For example, for January the index is:  

 

S(Jan) = D(Jan)/D = 234.33/730.11 = 0.32,  

 

where D(Jan) is the mean of all four January months, and D is the grand mean of all past 

three year number of patient. Similar calculations are made for all other months. Indices are 

summarized in the last row of the above table. Notice that the mean (average value) for the 

monthly indices adds up to 12, which is the number of periods in a year for the monthly data. 

Next, a linear trend often is calculated using the third year patients record and the monthly 

index:  

 

Number of patient in January, 2010  

= 317 X 0.32 = 102  

 

Incorporating seasonality in a forecast is useful when the time series has both trend and 

seasonal components. The final step in the forecast is to use the seasonal index to adjust the 

trend projection. One simple way to forecast using a seasonal adjustment is to use a seasonal 

factor in combination with an appropriate underlying trend of total value of cycles. 

 

4. LINEAR REGRESSION EQUATIONS 

If we expect a set of data to have a linear correlation, it is not necessary for us to plot the 

data in order to determine the constants m (slope) and b (y-intercept) of the equation y = mx 

+ c. Instead, we can apply a statistical treatment known as linear regression to the data and 

determine these constants.  Given a set of data (xi, yi) with n data points, the slope, y-intercept 

and correlation coefficient, r, can be determined using the following:  

 

 

 
(Note that the limits of the summation, which are i to n, and the summation indices on x and y 

have been omitted.), implicitly applying regression to the sample data.  

 

It may appear that the above equations are quite complicated, however upon inspection, we 

see that their components are nothing more than simple algebraic manipulations of the raw 

data. We can expand our spread sheet to include these components.  
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1.  First, add three columns that will be used to determine the quantities xy, x
2
 and y

2
, for 

each data point.  

2.  Next, use Excel to evaluate the following: ∑x, ∑y, ∑ (xy), ∑ (x
2
), ∑ (y

2
), (∑x)

2
, 

(∑y)
2
. Recall that the symbol, S, means "summation". Additionally, the term xy is the 

product of x and y, that is: x * y. Also, the term ∑ (x
2
) is very different than the term 

(Sx)
2
. Be careful with your order of operations!  

3.  Now use Excel to count the number of data points, n. in this example is:  

4.  Finally, use the above components and the linear regression equations given in the 

previous section to calculate the slope (m), y-intercept (b) and correlation 

coefficient (r) of the data. If you are careful, your spread sheet should look like ours. 

Note that our equations for the slope, y-intercept and correlation coefficient are 

highlighted in yellow.  

 

Table 2 shows the details for the calculation of slope and constant for a straight line, where 

   

x  : number of months in a year 

y1 : number of patient in the year 2007 

xy1 : multiplication of month and  

  number of patients 

xx : square of month number 

y1y1 : square of number of patient in a  

  month 

After applying the following linear regression formula of slope and constant for the line 

equation, we will get the value of m and b: 

 

Where n = 12 (for 12 months in a year), after applying the formula for the slope of the line 

and the constant b for the line equation y = mx + b, we get: 

m = 7.566433566 

b = 506.3181818 

 

Table 3 shows the details for the calculation of slope and constant for a straight line, where 

   

x  : number of months in a year 

y2 : number of patient in the year 2008 

xy2 : multiplication of month and  

   number of patients 

xx : square of month number 

y2y2 : square of number of patient in a  

  month 

 

After applying the following linear regression formula of slope and constant for the line 

equation, we will get the value of m and b: 

 

Where n = 12 (for 12 months in a year) 

m = 32.1 

b = 464 

 

Table 4 shows the details for the calculation of slope and constant for a straight line, where  

x  : number of months in a year 

y3 : number of patient in the year 2009 
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xy3 : multiplication of month and  

   number of patients 

xx : square of month number 

y3y3 : square of number of patient in a  

  month 

 

After applying the following linear regression formula of slope and constant for the line 

equation, we will get the value of m and b: 

 

Where n = 12 (for 12 months in a year) 

m = 98.35 

b = 323 

 

Table 5 shows the details for the calculation of slope and constant for a straight line, where 

    

x  : number of months in a year 

y4 : number of patient in the year 2010 

xy4 : multiplication of month and  

  number of patients 

xx : square of month number 

y4y4 : square of number of patient in a  

  month 

 

After applying the following linear regression formula of slope and constant for the line 

equation, we will get the value of m and b: 

 

Where n = 12 (for 12 months in a year): 

m = 47.980918 

b = 370.23427 

 

Now for the plot of the graph for x = month of the year, y = variable from line equation after 

applying the value of slope (m) and constant (b), and y1 = number of patients in the month. 

We get: 

 

4.1 Comparison of slopes for four year: 

 

We get the different slope for different years (Table 6) 

m (2007) = 7.566 

m (2008) = 32.1 

m (2009) = 98.35 

m (2010) = 47.98 

 

Figure 1 shows the comparison of slops of different four years. Where y1 is the slope of year 

2007, y2 is the slope of the year 2008, y3 is the slope of the year 2009 and y4 is the predicted 

slope of the year 2010. On comparing the four different slopes of four years we got that the 

predicted slope of the fourth year is about the average of the three year slopes hence we can 

say that the fourth year prediction is the good quality prediction for the patient data. The 

statistical reports in the following pages shows the various reports and analysis of patient 

data. The significant graph of fourth year is the predicted slope, figure 1, for the number of 

patients. 
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5. CONCLUSION 

A time series is a sequence of observations which are ordered in time. Inherent in the 

collection of data taken over time is some form of random variation. In this thesis I took the 

data of 26283 patients of three years (2007, 2008 and 2009). There exist methods for 

reducing of canceling the effect due to random variation. Widely used techniques are 

"smoothing" which include the calculation of slope of the line and the value of constant for 

the line ( y = mx + c ). These techniques, when properly applied, reveals more clearly the 

underlying trends. In other words, smoothing techniques are used to reduce irregularities 

(random fluctuations) in time series data. They provide a clearer view of the true underlying 

behavior of the series.  

 

The volume of patient medical data at the various hospitals has been increasing over the 

years. However, the data is not properly managed. As a result of this, majority of out-patients 

do not have full medical record. The secondary analysis includes the statistical analysis of the 

few year data and also includes the future forecasting for the number of patient. A Data Mart 

can be designed to collect, store, organize and retrieve the medical information of patients. 

The Data Mart can be built upon and deployed in for easy detection of false claims and 

disease management. 

 

The analysis and the tool simply gives the trend of data line graph and slope of the line after 

smoothing which is a simple way of detecting trend in seasonal data is to take averages over a 

certain period. If these averages change with time we can say that there is evidence of a trend 

in the series. Finally the slope of the line for the fourth year is the significant value for real 

prediction of the number of patients in the consecutive years. 
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Table 1: Number of patients in different months, for three years and forecast of third year using linear regression. 

 

 

Table 2: Detail for the calculation of the slope of straight line for the year 2007. 

 

 

 

 

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Sum 

2007 174 426 534 1137 1180 11 386 393 851 318 488 768 6666 

2008 212 16 404 500 1358 1072 1564 720 688 224 520 792 8070 

2009 317 655 602 303 1433 134 831 1624 2075 1386 1088 1100 11548 

Mean 234.33 365.67 513.33 646.67 1323.67 405.67 927.00 912.33 1204.67 642.67 698.67 886.67 8761.33 

Index 0.32 0.50 0.70 0.89 1.81 0.56 1.27 1.25 1.65 0.88 0.96 1.21 12.00 

Expected 

2010 
102 328 423 268 2598 74 1055 2029 3424 1220 1041 1336 13899 

X 1 2 3 4 5 6 7 8 9 10 11 12 

y1 174 426 534 1137 1180 11 386 393 851 318 488 768 

x*y1 174 852 1602 4548 5900 66 2702 3144 7659 3180 5368 9216 

x*x 1 4 9 16 25 36 49 64 81 100 121 144 

y1*y1 30276 181476 285156 1292769 1392400 121 148996 154449 724201 101124 238144 589824 
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X 1 2 3 4 5 6 7 8 9 10 11 12 

y2 212 16 404 500 1358 1072 1564 720 688 224 520 792 

xy2 212 32 1212 2000 6790 6432 10948 5760 6192 2240 5720 9504 

x*x 1 4 9 16 25 36 49 64 81 100 121 144 

y2*y2 44944 256 163216 250000 1844164 1149184 2446096 518400 473344 50176 270400 627264 

Table 3: Detail for the calculation of the slope of straight line for the year 2008. 

 

 

X 1 2 3 4 5 6 7 8 9 10 11 12 

y3 317 655 602 303 1433 134 831 1624 2075 1386 1088 1100 

xy3 317 1310 1806 1212 7165 804 5817 12992 18675 13860 11968 13200 

x*x 1 4 9 16 25 36 49 64 81 100 121 144 

y3*y3 100489 429025 362404 91809 2053489 17956 690561 2637376 4305625 1920996 1183744 1210000 

Table 4: Detail for the calculation of the slope of straight line for the year 2009. 

 

 

 

Table 5: Detail for the calculation of the slope of straight line for the year 2010 (predicted value after indexing). 

 

 

 

x y1 Y2 y3 y4 

1 514 496 421 418 

2 521 528 520 466 

3 529 560 618 514 

4 537 592 716 562 

5 544 624 815 610 

6 552 656 913 658 

7 559 689 1012 706 

8 567 721 1110 754 

9 574 753 1208 802 

10 582 785 1307 850 

11 590 817 1405 898 

12 597 849 1503 946 

Table 6: Comparison of slops for four years 

 

 

X 1 2 3 4 5 6 7 8 9 10 11 12 

y4 107 346 486 613 1254 384 878 864 1141 609 662 840 

xy4 107.4369 692.81 1458.9 2450.4 6269.75 2305.8 6147.2 6914.2 10271 6088.18 7280.55 10079.6 

x*x 1 4 9 16 25 36 49 64 81 100 121 144 

y4*y4 11542.69 119997 236484 375287 1572390 147687 771192 746982 1302377 370659 438069 705543 
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Figure 1: Comparison of slops for four years 
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