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ABSTRACT  
When faced with difficult and complex decisions, analysts tend to revert to past experiences in order to 
troubleshoot, and come up with solutions. This is the underlying concept of the nearest neighbor (KNN) 
approach a type of Memory based reasoning (MBR). 
 
This paper explores the nearest neighbor methodology and implementing it in SAS. We will first explore what the 
methodology is and the techniques and tips to helping solve common business problems. 
 
 
INTRODUCTION  
The nearest neighbor approach has a wide range of applications from finance, medicine, fraud, to marketing. If 
we have information on past experiences we can use this to help find patterns and similarities to possible future 
events or classifications. A simple example of this is recognizing a particular accent. Someone from the London, 
England probably sounds closer to someone from Manchester, England, than a person from Toronto, Ontario. 
This goes back to an old adage: “Birds of a feather flock together”. 
 
Memory based reasoning is integrated in our daily lives probably without us really even consciously thinking too 
much about it. From having partners with similar values and priorities to watching a movie because a friend with 
similar taste recommended it. Unlike a regression, which uses an actual formula to estimate, MBR techniques 
have the answers encoded within them; our goal is to decode them in an efficient and proper manner. 
 
This idea of finding like things can have a powerful business context too. Whether it is detecting fraud on an 
account, or conducting a test on a new inbound calling strategy where you need to select a control group, there 
are many interesting and useful applications that translate into the real world.  
 
 
THE BASICS  
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A simple graph of neighbors 
 
The above illustration represents a simple plot of the different salaries by age. Each of the blue points has logical 
nearest neighbor. The two points on the bottom left hand side will intuitively stand out as the two closest 
neighbors in the entire graph. The basic concept is to find the shortest distance between the points of interest. 
This notion of distance is what will drive our implementation of the near neighbor.  
 
When we talk about distance we normally imagine something in meters, feet, kilometers or miles. But distance 
can related to essentially any continuous value. Take for example salary where the difference between someone 
making $90,000 a year verses $100,000 a year is $10,000. Our distance measurement would be $10,000. 
 
This is relatively easy when we deal with single isolated variables because the scales for such variables are the 
same. What happens when we want to use multiple variables in combination? This is where things can become 
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more complicated and require some planning on how to deal with our data. Going back to Salary as an example 
that can have a very wide range, age on the other hand usually doesn’t go higher than 100. Conversely there 
are categorical variables and do not translate easily into a numeric value such as gender. 
 
For this paper we will examine a pilot we are conducting for a call center. We want to provide a tool to help 
improve the performance of our agents. Before we spend money on the tool we would like to first run a pilot for 6 
months to see improvements in sales. We pick 20 agents and give them the tool, and then see if their call center 
statistics improve, but how do we know if the tool is making the difference? It could have been that the chosen 
agents are generally more experienced. Perhaps the organization had a great year with immense growth as a 
whole. Perhaps it was purely random, and the tool played no role. We can not be 100% sure it is the tool or 
some external effect or randomness. 
 
To help solve our dilemma we need to select a control group. This control group is meant to “look” like our test 
population and serves as fair comparison against our selected agents. If we properly select this control group, 
external changes that occur will be captured in both, and what we should be left with is the benefit of the tool. 
Nearest neighbor can help us select a group of control agents to whom we can compare against. Below is the 
sample of the dataset that we will be using, followed by the code used to generate it. 
 

 
Sample dataset 
 
 
DATA SAMPLE(DROP=REGRAND GENRAND); 
format TENURE 5.2; 
format REGION $20.; 
        do AGENT_ID=1 TO 1000;  
     /*TENURE WILL BE DISTRIBUTED AS LOG NORMAL*/ 
            TENURE = EXP(RANNOR(0));  
     /*AVG_CALL_TIME WILL BE DISTRIBUTED AS UNIFORM BETWEEN 200-500 SECONDS*/  
            AVG_CALL_TIME = RANUNI(0)*300 + 200; 
     /*AVG SALES WILL BE DISTRIBUTED AS UNIFORM BETWEEN 0.5 - 5 PRODCUTS / 
SERVICES*/  
            AVG_SALES = RANUNI(0)*5 + 0.5; 
 
     /*GENDER WILL BE M OR F*/ 
     GENRAND=RANUNI(0); 
     IF GENRAND >= 0.5 THEN GENDER='M'; ELSE GENDER='F'; 
 
     /*REGION WILL BE WEST(20%), CENTRAL(10%), EASTERN(70%)*/ 
     REGRAND=RANUNI(0); 
     IF REGRAND <= 0.2 THEN REGION='WEST'; 
     ELSE IF 0.2< REGRAND <= 0.3 THEN REGION='CENTRAL'; 
     ELSE REGION='EASTERN'; 
        output; 
        end; 
RUN; 

SAS code to generate sample data 
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ANALYZING THE DATA 
Before we can proceed we need to analyze our data. In our case this is a bit easier since we have simulated it 
for the paper. In the real world you would want to check distributions, make sure there are no missing, or null 
values. And even potentially transform data to make it behave in a certain way. The more you understand your 
data the more success you will have down the road in implementing the nearest neighbor methodology. Below is 
a table of our variables and information about them. 
 
Variable Name Numeric or Catagorical Distribution Description 
Agent_Id Numeric N/A This is a unique identifier 

for each agent.  
Tenure Numeric Log Normal Represents in the number 

of years how long the agent 
has been with the 
company. 

Avg_Call_Time Numeric Uniform (200-500 Seconds) Represents in the number 
of seconds on average the 
agent spends on each call 

Avg_Sales Numeric Uniform (0.5 – 5 products) Represents in the number 
of products and services on 
average the agent has 
booked on each call 

Gender Categorical 50/50 (M/F) Gender of the Agent 
Region Categorical 20/10/70 

(WEST/CENTRAL/EASTERN) 
The call center region 
where the agent operates 
out of. 

 
Now that we have an understanding of the data we need to think about the best way to convert this information 
into some sort of distance variable that we can use. One thing that may pop out is that our variables have 
different scales and inherently mean different things. If two agents have a difference of 5 in Tenure and a 
difference of 5 in Average Call Time, is this equivalent? These are different metrics, and 5 years of tenure 
doesn’t equal 5 seconds in call time. Different scales and different metrics between variables can result in 
certain variables having more influence over others when calculating distance. We would essentially be giving 
the average call time the same weight as tenure, but we know they mean different things and have very different 
scales. We need a way to help standardize the data so we are actually talking about magnitudes rather than 
absolute values. 
 
 
STANDARDIZING THE DATA 
There are several techniques to standardize data; with the most common one is converting the values to z-
scores. The central limit theorem that states that when you take independent random samples the sample mean 
will take on a normal distribution. A normally distributed variable should fall within 1 standard deviation 34.1% of 
the time. So the majority (68.2%) should fall within -1 and 1 standard deviations. The main take away is that we 
need to standardize our continuous variables and the best way to do this, is by creating a z-score with a mean of 
0 and a standard deviation of 1. We can use the STANDARDIZE procedure in SAS to help with this. 
 
 
PROC STANDARD DATA=SAMPLE MEAN=0 STD=1 OUT=SAMPLE_Z; 
 VAR TENURE AVG_CALL_TIME AVG_SALES; 
RUN; 
 

SAS code to standardize data 
 
The act of standardizing allows us to represent the different magnitudes of the variables on a similar scale. This 
is really important, as we don't want one to dominate another just based on its scale alone. 
 
 
CATEGORICAL DATA 
Categorical or nominal variables are a little less intuitive to deal with than their numeric counterparts. How do 
you quantify a male vs female or regions for that matter? There are some techniques that we can use to create 
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values that will help in calculating distance. The key factor here is how many categories there are in your 
variable. If there are only 2, like in gender for example we can just simply create a binary variable of 1 or 0 to 
represent the values. It would be the equivalent of saying 2 males are similar to one another, and that 2 females 
are also similar to one another. A male and female are dissimilar though. 
 
If our variable has more than 2 categories we can use dummy variables represent similarity and dissimilarity. 
There are a couple of techniques in doing this but the real key concept is here is consistency. Pick a method and 
stick with it for all like variables. 
 
In our dataset we have region that has 3 possible values: West, Central, or East. We can represent these 3 
values with 2 dummy variables. If we had 5 possible values it would be 4 dummy variables. The rule here is N-1. 
Where N is the number of values you want to represent. The tables bellow can help visualize what we are trying 
to achieve. 
 

Gender GENDER_IND 

Male 0 

Female 1 
 
 

Region REGION_IND1 REGION_IND2 

WEST 1 0 

CENTRAL 0 1 

EAST 0 0 
 
 
This type of classification will help us in determining if 2 items are similar or dissimilar, which will feed into our 
distance calculation. With the numeric values we dealt with previously we were saying that 10 is more than 5, 
but with this type of classification we are not saying the exact same thing. We are classifying similarity and 
dissimilarity. Below is the code to create our indicator variables: 
 

 
DATA SAMPLE_FINAL; 
SET SAMPLE_Z; 
 
/*GENDER WILL BE 1 FOR FEMALE AND 0 FOR MALE*/ 
GENDER_IND=(GENDER='F'); 
 
IF REGION='WEST' THEN DO; 
 REGION_IND1 = 1; 
 REGION_IND2 = 0; 
END; 
ELSE IF REGION='CENTRAL' THEN DO; 
 REGION_IND1 = 0; 
 REGION_IND2 = 1; 
END; 
ELSE DO; 
 REGION_IND1 = 0; 
 REGION_IND2 = 0; 
END; 
 
/*WE NEED TO CREATE A CHAR VERSION FOR PROC DISTANCE*/ 
A_ID = left(trim(put(AGENT_ID,4.))); 
 
RUN; 
 

SAS code to deal with categorical variables 
 
In certain situations it could make a lot more sense to give some weight if we have some extra insights into the 
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data. For region we might want to give more preference to those in the WEST and CENTRAL regions so we 
could potentially give a further distance to those in the EAST with some coefficient to compensate.  
 
Some other techniques for managing binary, nominal, ordinal, and various categorical include a simple matching 
coefficient, or a normalized rank transformation. Check out some of the references at the end for further 
information on different techniques and theories. The key is to experiment and figure out what works best for 
you. 
 
 
DISTANCE 
Now that we have our data in the correct format, and standardized to our linking we can start to think about how 
to calculate the distance in order to find out our closest neighbors. There are several ways to measure distance, 
we will look into the most common type: Euclidean. 
 
Euclidean distance is the shortest distance from any 2 points. You might remember calculating this in high 
school math using Pythagoras theorem. 
 
The mathematical formula for Euclidean distance is as follows for any point (X1,X2,..,Xn) to (Y1,Y2,.., Yn): 
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Looking back at our first graph of salary by age lets calculate the distance for some of the points and see the 
affects of standardizing versus not. 
 
 
Observation X variable Y variable Formula Distance to point 1 (dxy) 
1 24 20000   
2 30 78544 ( ) ( )22 78544200003024 −− +=dxy  58544.00 

3 40 55555 ( ) ( )22 55555200004024 −− +=dxy  35555.00 

 
 
The above example shows that 1 and 3 are much closer than 1 and 2. This is mainly because of the scale of 
salary and how it can over influence the distance calculation. If we standardize the data we expect to see slightly 
different results. 
 
 
Observation Standardized 

X variable 
Standardized 
Y variable 

Formula Distance to point 
1 (dxy) 

1 -0.99 -0.93   
2 -0.03 1.12 ( ) ( )22 12.193.003.00.99- −−−− +=dxy  2.26 

3 1.58 0.32 ( ) ( )22 32.093.058.10.99- −−− +=dxy  2.85 

 
 
After standardizing we see that our original assumption was incorrect. 1 and 2 are actually closer than 1 and 3. 
We have evened the influence that both salary and age play into our distance calculation. This illustrates the 
importance of standardizing our data. 
 
We have shown with a simple formula how you would go about calculating distance, but luckily for us PROC 
DISTANCE can do the heavy lifting. The procedure can take in a dataset and compute all the distances for us. 
You can specific the type of distance calculation you would like it to use with the default being Euclidean. There 

(X1,X2,..,Xn) 
(Y1,Y2,.., Yn) 



 

A 2 Four Three White Paper 
Copyright © 2013 
Page 7 of 9 
 
 

are other types of distance measurements such as City block. Depending on the intent you can set it up to use 
the many different methodologies. The basic code looks like this: 
 
 
 
PROC DISTANCE DATA=SAMPLE_FINAL OUT=SAMPLE_DISTANCE SHAPE=SQUARE NOSTD;  
ID A_ID; 
VAR INTERVAL (TENURE AVG_CALL_TIME AVG_SALES GENDER_IND REGION_IND1 REGION_IND2); 
RUN; 
 

SAS code to calculate distance 
 
 

• DATA: This is our final standardized datasets 
• OUT: Is the dataset name of the distance matrix that will be created 
• SHAPE: This denotes how the matrix will look. The matrix will be symmetrical as the distances from A to 

B and B to A will all be outputted. The default is Triangle which is without the duplication 
• NOSTD: Turns off the standardization features. We have already done this and thus not necessary 
• ID: will be the identification variable you want to output along with the distances. 
• VAR: These are the variables that we wish to calculate distances for. You normally subset the variables 

into types. Interval being all your continuous numeric types. You can also have ordinal, nominal etc. 
Some types only work with certain distance formulas. Nominal for example doesn't work with the 
Euclidean method, which is why we placed our indicators into the interval section. 

 
 
The output generated will look like the following: 
 
 

 
PROC DISTANCE output dataset 
 
 
The hard part is now all done; we have a matrix representing all our observations and their distances from one 
another. We can further transpose and sort the matrix to generate a list for further analysis. You might notice 
that we transformed the AGENT_ID into A_ID. The reason for this is that the ID needs to be a character field 
rather than a numeric, which is what we originally simulated.  
 
With a few more steps of transposing and sorting we can get to the final step where we have a list of nearest 
neighbors for each of our agents. We transpose so we can go from a square matrix into a column-based format, 
and the sorting just shows us the closest agents relative to any given agent. 
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PROC TRANSPOSE DATA = SAMPLE_DISTANCE 
OUT = SAMPLE_DISTANCE_LIST 
(where=(A_ID ne substr(NEIGHBOR,2))  
rename = (col1=Distance)) 
NAME = NEIGHBOR PREFIX = COL; 
BY A_ID NOTSORTED; 
RUN; 
 
 
 
PROC SORT DATA=SAMPLE_DISTANCE_LIST; 
BY A_ID Distance; 
RUN; 
 
 

 

 

PROC TRANSPOSE and SORT code / output dataset 
 
In the PROC TRANSPOSE we want to omit all the records where the A_ID is also the neighbor. We have the 
where clause for this along with renaming and additional options to help the procedure deal with numbers stored 
as strings (A_ID). We are now able to pick our control group. If  agent 1 was part of our test group we know that 
agent 611 is very similar to him or her, and would be a good candidate in our control population. 
 
If used correctly nearest neighbor can be a powerful data mining technique in selecting control groups, 
performing classifications, or clustering similar observations together. In a recent R&D session with a client the 
idea of using this to isolate outliers was also proposed and in theory would be relevant. In our context we were 
looking for similarity, but this could easily be used to isolate dissimilar observations as well.  
 
 
CONCLUSION 
The nearest neighbor methodology can be a powerful data mining technique used to solve difficult and complex 
problems. We can pick like groups, create clusters, and even potentially discover multivariate outliers. With a few 
relatively simple steps we can standardize our data, calculate the distances on a multidimensional space, and 
find observations which are similar or dissimilar. As with any realm of data sciences there is often a component 
of art where we need to think of intent and a full understand business problems before applying a technical 
solution towards it. 
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