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Introduction:

Educational success depends greatly upon student behavior.  Problem behaviors such as fighting and classroom disruption reduce educational success for the student and have spillover effects on teachers and students.  Effects on teachers are interpreted in teacher turnover rates and absences which we do not address in this paper.  Instead we focus on investigating the spillover effects between students using a unique dataset of student office discipline referrals for problem behavior. Specifically two kinds of spillover effects interest us – behavioral and academic.  Both of these student-to-student spillovers can occur in several different ways. First, problem behavior directly distracts other students, reducing learning time and concentration. Second, it distracts the teacher, reduces their control over the class, and reduces the time they can devote to instruction and to keeping order among the other students limiting the educational success of other students. Third, problem behavior can have a contagion or demonstration effect. When one child exhibits problem behavior or initiates an incident, other children may decide this behavior is worth emulating. 

If a teacher has a certain amount of time to spend teaching a classroom and a student within the class shows signs of problem behavior, the entire class loses the educational benefits of the teacher’s instruction. By limiting the time a teacher spends addressing problem behavior the educational benefit to the entire class increases.  The Positive Behavior System (PBS) program’s goal is to decrease the time a teacher must spend addressing issues of problem behavior within the classroom. To achieve this each school will utilize a system of Office Discipline Referrals (ODRs). ODRs are issued when a student expresses problem behavior to the point where a teacher cannot completely address the issue within a specific amount of time. With the issuing of an ODR the student expressing the problem behavior is removed from the classroom, minimizing the class instruction time lost.   

The issue of problem behavior is important because there are costs associated with every type of problem behavior. The cost of time spent by faculty addressing the problem behavior, the cost of a decreased efficiency of the classroom for other children, among others.  By decreasing the educational time lost due to problem behavior the classroom will become more efficient and the quality of class time will improve as well.  

The Positive Behavior Support system is the application of behavior analysis to achieve socially important behavioral change.  The system is a portion of the  Positive Behavior Interventions and Supports (PBIS) program, which was developed by the Technical Assistance Center for the Office of Special Education Department.  PBIS adapted the PBS program to general problem behavior in order to provide an intervention system that was not aversive in nature, which was the general practice with students with severe disabilities.  More specifically the program was targeted toward those students who were prone to self-injuring actions and other forms of aggression.  PBS has since been adapted to assist in the implementation of the intervention approach for entire schools instead of one individual student.  The program is attempting to better apply theory to actual classroom learning environments with a behaviorally based systems approach to improve the capacity of schools, families and communities.  The overall goal is to decrease the effectiveness and relevance of problem behavior while at the same time increasing the utility of desired classroom behavior.  This will create and maintain a school system with learning environments that harbor progress towards better lifestyle choices.   

The School of Education at the University of Oregon is applying for a $4.5 million federal grant to fund this research.  This model addressing spillover effects can assist in presenting the results of this program to the government.  The direct implications of accurately depicting the spillover effects of correcting problem behavior will be to help determine whether or not the program implemented by PBIS improves classroom efficiency.  

PBIS has been introducing this program into elementary and middle schools in the Eugene area for several years but at different times.  The portion of the program that we are focused on is the office discipline referrals (ODRs).  With this paper we examine the data that is recorded from each ODR for a single middle school in the Eugene school district.  The program was implemented one year prior to our earliest data entry.  The school enrollment was initially greater than 500 but in the final year of our data enrollment was below 500.  The student to faculty ratio slightly greater than 15:1.  We chose to study a middle school instead of an elementary school because middle schools have greater variation in both the quantity and types of referrals issued.  Also we screened each school’s ODR data because some schools maintain their records more accurately than other schools in the district.

PBIS uses a web-based computer system to track ODRs.  This system of recording ODRs is called the School-Wide Information System (SWIS).  With this SWIS dataset and the educational data providing class schedules, attendance, grade received in each class and the teacher for each class we are able to provide guidelines for a model that will interpret spillover effects within a classroom.  However this paper involves only the SWIS data.  If we had the educational data we could address the costs incurred with the expression of problem behavior.  The SWIS data allows us to characterize incident type and the individuals involved, and with this we can examine both incidents involving one individual and incidents involving multiple individuals.  The data also describes each incident with the type of problem behavior, motivation, setting, individuals involved, and consequences.

There is empirical evidence that supports the theory of peer effects between individuals’ behaviors within the classroom.  Our goal is to determine the extent to which problem behavior detracts from educational output and how these spillover effects can be quantified.  Ultimately we will use data with students’ grades, schedules, and problem behaviors to compare how a student’s grades change depending upon the behavior of his or her peers in the classroom.  We use educational production (grades received) as a function of behavior including such variables as grade, problem behavior type, severity, frequency and incidents involving peers.  With this model we anticipate grades received to be negatively correlated with disruptive behavior, which is consitient with the existing theory.  With this data we can determine if teachers have a higher propensity to give ODRs for certain offenses, to particular students and at certain times of the year.  In this paper we describe a model for educational output and its relationship with behavior, our current data analysis consists of only the SWIS dataset for problem behavior, but no measure of educational output.  

The problem behavior data contains a large amount of interesting information. With it we have been able to characterize the data and compile descriptive statistics to aid in explaining problem behavior and its effects on peers.  We explore this data from several angles beginning with the distribution of ODRs; whether there are a few bad apples or whether there is an even distribution for those acquiring ODRs.  Multiple child incidents and their differences are interesting because sometimes students commit the same disruptive behavior along with someone else but they are subject to different punishments.  By comparing incidents with multiple students involved we can determine if students with a greater history of problem behavior receive different punishment for the same offense as their peer.    

Literature Review:

A vast body of work exists on student peer effects, drawing from the fields of psychology, education, and economics. Most of the literature focuses on how the individual characteristics of a student’s peers influence educational output through “contagion”, the ability of peer behavior to influence the behavior of an individual student.  Edward Lazear (2001), however, illustrates how peers can affect education output in a more direct fashion by behaving disruptively. Little empirical work has been done separating out contagion from direct peer effects. With the given data on student’s educational output coupled with data on disruptive behavior, we will be able to test for the presence of both categories of peer effects.
Edward Lazear (2001) provides a theoretical model for the direct peer effects of disruptive behavior in the classroom.  The model (given below) is constructed to determine optimal class size, but is still useful for showing how the disruptiveness of one student affects the whole class.


V(p)n-W/n = r

Where V is the value of a unit of learning, p is the average probability of a given student not being disruptive at any point in time, n is the number of students per class, W is the cost of providing the unit of class time (teacher wages, classroom costs, etc) and r is the profit (the difference between the willingness to pay and the cost) per student for a unit of class time.


The above equation demonstrates how disruptive behavior effects all students in the class, as p decreases (disruptive behavior increases) the profit per student will decrease.  The intuition behind this is simply that while a student is being disruptive, learning stops.  Therefore, the value of a unit of learning must be scaled by the time actually spent learning (pn) to convert it into the value for a unit of class time (V(p)n).  Decreasing disruptive behavior and hence increasing p will increase the value of a unit of class (as is seen by the strictly positive nature of the first derivative of r with respect to p: nV(p)n-1), with the magnitude of the increase depending on class size.  


This model does not account for the possibility that the peer effects of disruptive behavior could also manifest through “copycat” behavior.  It could be that a relatively disruptive student encourages greater disruptiveness from other students (E(pipj) /= 0 for i/=j).  Our empirical experiment will attempt to account for both the direct and indirect peer effects of disruptive behavior.

A large number of emperical studies have been done on indirect peer effects. For example, in a study of grades one through three in the Montreal school system, Henderson et al examine the effect of classroom composition on student’s performance on standardized tests.  This study finds a statistically significant relation between the mean class I.Q. and student test scores.  This suggests the existence of positive externalities by students of relatively higher academic ability and negative externalities by those of lower academic ability.  

These peer effects are quantified using a regression of student IQ on control variables, including lagged IQ, and the contemporaneous mean class IQ (second order also included).  The results suggest that a student at the 50th percentile in a class with a mean IQ equal to that of the first quintile (45.2) would increase to the 79th percentile in French and the 88th percentile in Math if placed in a class with a mean IQ equal to that of the fifth quintile (54.8).  

While Henderson et al. do not attempt to measure the effects of disruptive behavior, they do provide empirical evidence for the existence of peer effects in the classroom.  It is interesting to note that since the model does not include a measure for disruptive behavior and it is reasonable to suspect academic performance and disruptive behavior to be negatively correlated, the coefficient on contemporaneous class mean likely includes a portion of the peer effects due to disruptive behavior.  In our model we aim to account for both of these peer effects.

A more recent empirical article on student peer effects, written by Patrick McEwan, points to the fact that peer variables are potentially endogenous, causing these variables to be correlated with the error term which in turn leads to coefficient bias.  McEwan addresses the endogeneity caused by non-random sorting of students among schools and classes based on unobservable characteristics of, respectively, families and students by including school and family fixed effects.  

The paper explains the performance of Chilean students on standardized math and Spanish exams in terms of individual variables and peer variables.  While the inclusion of fixed effects does not appear to have a significant effect, several peer variables have relatively consistently significant coefficients across specifications. Curiously, the author does not choose to include any direct measure of average class achievement, such as mean class scores on standardized tests, in the model.  This paper does highlight the potential problem of endogeneity with variables of peer effects.  And as we are attempting to use ODRs as both a measure of student disruption and as a tool to decrease disruption, it will be important for us to account for this potential endogeneity.

Reciprocal peer effects is an issue of concern in Hanushek’s study “Does the ability of peers affect Student Achievement?” which is an empirical analysis of peer effects on student academic achievement.  This study finds that peer achievement has a positive effect on achievement growth.  Here Hanushek et al (2003) address the reciprocal nature of peer effects.  Where this study only has information in the form of aggregations of students by class and schools, our data differentiates students on an individual level.  It is worth noting that Hanushek et al include average peer achievement in the equations and this should prove a useful tactic for us.  Our desired results are similar but our data will be used differently.  Where Hanushek et al use standardized test scores as a measure of achievement we use grades.  Also, we will not be accounting for the socio-economic background of the student or his/her peers because we are attempting to isolate the current peer effects and we are not concerned with the overall affects on achievement.  Another factor that sets our study apart from Hanushek et al is that in their study they lacked the ability to measure teacher attributes but we can account for this in the form of a teacher who gives a lot of office discipline referrals or a teacher who is an easy grader because this information is available through the SWIS data and the report cards.    Similar to the Hanushek et al study we are unable to interpret changes in family or school inputs with our data, which is a limiting factor of our study where we might incorrectly attribute these changes to peer effects.  

Bruce Sacerote (2001) found that peer effects do affect grade point average and the social groups that the student becomes associated with.  This study examined the peer effects that result from randomly assigned roommates at Dartmouth College in, “Peer Effects with Random Assignment: Results for Dartmouth Roommates”.  Since our study concerns middle school students where there are numerous factors such as availability, parental approval, and transportation issues that arise when considering social activities we are going to limit our examination of peer effects to grade point average and behavior in the classroom.  Similar to this study the classroom situations are selected at random for the most part.  Sacerote showed concern in the fact that there are so many peer influences other than roommate assignment that occur throughout the day, but our study is on middle school students who are limited in their social interactions due to the lack of transportation and limited extracurricular activities.  Also middle school students see the same students more often than college students might.  Since our data allows us to track which student is in which class with certain students we can examine more of the unaccountable peer influences that Sacerdote was unable to do.

A study done completed by Zimmer and Thoma (2000) indicates that peer effects are a significant determinant of educational output; also the effects between peers appear to be greater for low-ability students than for students with high-ability.  This study examines the peer effects in a classroom with a data set that included individual student achievement scores and characteristics of the students' families, teachers, school characteristics, and peers for five different countries.  “Peer Effects in Private and Public Schools across Countries”, had results that indicated that peer effects are a significant determinant of educational achievement.  Also, the students with lower-ability appear to be more affected by the effects of peers than higher-ability students.  This study addresses the a similar question however the data samples used are very different in that the Thoma uses an aggregation of students from five countries and survey data concerning the students’ family status etc.
In an introduction to a volume of the International Journal of Educational Research aimed at examining peers affect on education, Ian Wilkinson (2003) provides a review of educational literature on peer effects.  Wilkinson gives three explanations for what he calls compositional effect (what we have defined as peer effects): students internalizing norms, using their peers as a reference for their own performance, and teachers tailoring education to their student groups.  Instead of aggregating to a classroom peer group, the analysis is focused on small groups of students determined by social relationships.  The article contains no mention to direct peer effects, which we hope to examine and determine whether or not they have an influence on educational production.
The literature within both economics and education suggest that peer effects have a significant influence on the education output of students.  Therefore, any program that succeeds in decreasing the disruptive behavior of a student will produce benefits not only for that student, but also for that student’s peers. This peer effect can then be broken down into a contagion and a direct effect. While a large body of research has been done on contagion effects, little work has been done on the direct effects. This paper aims to pave the way for an empirical study that tests for both aspects of peer effects.
Hypothesis:  

Our hypothesis is that the PBS program increases educational performance through decreasing disruptive behavior.  We want not only to measure the effect of the program, but also get some idea of the magnitude of the change.  The effect of the program can be divided into two subgroups: direct and peer effects.  Direct effects are the increase in the educational performance of a student due to a decrease in their own disruptive behavior while peer effects would be the increase in educational performance due to the decrease of peer disruptive behavior.  To measure this empirically, we need to regress educational performance on measures for the two different effects as well as other variables, which could affect educational performance, such as ability and effort.  If we succeed in the regression, we will hopefully have modeled the individual impact of decreased disruptive behavior.


Being unable to gather data on our variables, we hope to instead use proxy variables, which we hypothesize are strongly correlated with the real variables that we are trying to measure. For educational performance, we hope to use GPA (which we will obtain from the each grade received per class), standardized test scores or a combination of the two. For peer attributes, we might divide peers into different blocks based on educational performance (as is done in the Sacerdote article).  Getting a measure of ability and effort is difficult, but we might be able to use lagged educational performance as a proxy.  It might also be possible to include a measure of the level of discipline a given student receives by creating a variable for teacher strictness based upon the number of ODRs they issue on average.  


One problem with distinguishing between the peer effects, is that the PBS program should benefit both disruptive and non-disruptive students (by focusing on positive reinforcement), and therefore the direct effect to students with no ODRs might be highly correlated with peer effect, which might bias the peer effects coefficient if we are unable to create a proxy variable for the PBS program.

A separate issue that we will be able to analyze using our data is that of last period effects. The process of issuing ODRs can be thought of as a repeated game between the student and the educator. The student has an incentive to avoid punishment, but presumably receives some positive utility from misbehaving. The teacher has the incentive to give ODRs to misbehaving students in hopes of decreasing such behavior in the future, but might also receive disutility from the extra effort it takes to issue an ODR. 

Consistent with game theory, we would expect a change in incentives and hence a change in behavior as the game nears its conclusion. In the last round (period), teachers will be less likely to give ODRs as they will not receive the benefit of better student behavior in the future (since the game is ending). Students, knowing that they are less likely to receive punishment, and that the punishment can only have a limited duration, are more likely to misbehave in the last round.

It is important to note that with our data, we are not able to separate student and teacher last period effects and hence are only able to test for combined last round effects (which we hypothesize have opposite signs). Last period effects might also vary among different grades and types of ODRs.  For example, an eighth grader might have greater last period effects since there is no chance of the game resuming. Also, we expect teacher last period effects to be the highest for minor offenses, as ODRs are most likely only given to repeated offenders and teachers have the incentive to tolerate more offences in the last round.
Data:

The School-Wide Information System (SWIS) is a web-based information system created to assist school personnel in using office referral data to adapt school-wide and individual student interventions.  Educators record on-going information about discipline incidents within their school, and enter the offenders and characteristics concerning the incident.  SWIS is not a comprehensive data collection system, its focus is ODRs and not grades, standardized test scores, ethnic status, et cetera.  The SWIS database is accessible 24 hours a day, from any computer with internet capabilities.  Entries are saved for at least five years so school administrators can compare trends over time.  We observed variation within the interpretation of the characteristics between schools, which is one reason we decided to explore the ODR incidents within one school.  Despite this variation, the data is of very good quality and each entry is very complete.  The fact that it is used for administrative purposes implies that it is of importance and great relevance to educators, giving them an incentive to keep good data.  

Each referral provides comprehensive characteristics of the incident for which the student received the ODR.  The data covers the 2001 – 02, 2002 – 03, and 2003 – February 2004 school years and track students, faculty, and school by unique identification number.  The grade of the student at the time of referral is listed which for this middle school consists of 6th through 8th grade.  The time variable is recorded in fifteen-minute real time increments.  The time and date correspond to the time at which the referral is issued which is not necessarily the time of incident.

Each student has an identification number but they are not entered into the SWIS data until they receive an ODR.  This means that there is a large group of students without ODRs who are not accounted for in the data.  Using the enrollment by grade for each year we subtracted the number of students receiving ODRs (found in the SWIS data) from the enrollment totals for each grade from the data provided from the school.  There were 340, 331, and 326 students who did not receive an ODR in the years 2001– 02, 2002 – 03, and 2003 – February 2004 respectively.     


The location of each incident is provided in the form of a number corresponding to that specific location.  The possible locations for incidents to occur in are in the classroom, on the playground, common areas, hall/ breeze way, cafeteria, restroom, gym, library, bus loading zone, parking lot, on the bus, assembly/ special event, other location, unknown location, or office.  


The next characteristic of the incident that the data presents is the actual problem behavior itself.  This is a long list of behaviors so we separated the incident types into groups based upon the severity of the incident.  The SWIS data had a previous severity code established but there was not enough variation so we created new groupings for severity of incident.  Our categories are similar in structure to the one used by SWIS.  The least severe incident types consist of, minor infractions or warnings; meaning  incidents that do not detract from the educational output of the classroom in a major way.  The next group is comprised of incidents that directly affect the educational productivity of the overall classroom or a significant portion of the students in the classroom such as disruption or insubordination. The third category is comprised of incidents that significantly detract from the educational output of the class through behavior that is more severe in intention, such as possession of tobacco or alcohol or fighting.  The most severe incidents receiving a severity rating of 4 are those incidents that put the individual or others in danger or risk.  The class four severity classification includes: arson, possession of combustible items or weapons, and bomb threats.  


There is variable for the motivations of the problem behavior.  This is a subjective variable which has a lot of possibilities of error, in the interpretation of the behavior which might vary between faculty members.  The first three motivations categorize the problem behavior as an attempting to obtain peer attention, adult attention or items/ objects.  The next motivation types are those which are attempting to avoid work, activities, peers or adults.  The final three are the ambiguous motivations which are undetermined by the educator.  

To examine the peer effects and specific trends between individuals, knowing who was involved in the incident.  The possible scenarios are no others involved, peers, staff, teachers, substitutes, unknown others or others.   Finally, the action(s) taken in response to the problem behavior is included in the data set.  Upon receiving an ODR students face: time in office, loss of privileges, conference with student, parent contact, detention, individualized instruction, in-school or out of school suspensions, Saturday school, or expulsion, depending on the incident type.  In the case of suspensions the length of time suspended for the incident is provided.  There are also variables accounting for unknown or other administration decisions not listed.  

Analysis:


In this section we analyze the SWIS data and compile descriptive statistics for the problem behaviors.  We begin with looking at the total ODRs received over time.  Beginning with ODRs by year and proceeding by week and finally by day.  Next we look at ODRs by educator and also by type.  The frequency and percentage of ODR type, and other characteristics provide a simple way to determine the most important types of problem behavior to the PBIS program.  Finally we examine problem behavior by grade and also the punishment received for particular offenses.   


Graph 1 plots the frequency of ODRs over time (from Fall of 2001 through March 2004).  Aside from sharp declines due to vacations from school, ODRs tend to increase over the year.  The total number of ODRs are lower in the 02/03 school year.  This can be attributed to the decrease in total enrollment, which decreased from 525 to 481 from the first to second year.  This graph divides the school year into 20 day segments.  The 2003 – 04 school year only contains ODRs for the first ¾ of the year.  
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Graph 1

Graph 2 plots the frequency of ODRs over the school week starting with Sunday.  We accounted for holidays and faculty in-service days when creating the graph, which shows a bell shape curve peaking on Wednesday.  This shape might be due to the fact that the closer a given day is to the weekend, the less likely it is that educators will have give an ODR for an offense that they tolerate less during the middle of the week.  However we need to be wary of the converse of this idea in that the students might not express as much problem behavior on days closer to the weekend.  Graph 2 is where schedule data will help explain the differences because we will be able to determine which classroom students are in a given time and which educator is issuing the ODR.  This is also very pertinent to Graph 3.  Graph 3 plots the frequency of ODRs over the school day.  Aside from the 7 o’clock hour, ODRs follow a concave pattern, peaking at 1pm.  
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Graph 2

[image: image3.wmf]Fraction

ProbBehavId

2

22

0

.197492


Graph 3
To examine the spike in Graph 3 corresponding to the large number of ODRs issued at 7am, Graph 4 plots those ODRs given at 7am, by type. Since these ODRs are relatively dispersed among types, it might be that disciplinary meeting are held before school starts or this is when a large portion of ODRs are reported by teachers or that the person entering the data uses 7am as a default time for those ODRs that were missing a time of incident. 
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GRAPH 4

Graph 5 plots the frequency of ODRs with peer involvement over time. Its distribution is roughly similar to the overall distribution of ODRs shown in graph 1.  Therefore we can say that problem behaviors involving peers increase throughout the year, however the increase is not as distinct of a characteristic as it appears in Graph 1.  
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Graph 6
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Number of ODRs per Educator.

Graph 6 shows the percentage of ODRs issued by educator.  We are unsure of the roles of the specific educators and whether they are teachers, substitutes or staff.  We suspect the educator with the highest number of ODRs given functions as a general disciplinarian, which would explain the disproportionate number of ODRs issued, 20.5% of all ODRs.  Since we are unable to determine if this is a teacher or not, we therefore need schedule data to be certain as to the role of this educator. 
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Graph 7
Graph 7 is the annual average of ODRs by students who received ODRs and not surprisingly the majority of the students receive very few ODRs per year.  Also we see the minority of students receive more than ten ODRs per year. 
Now we turn our attention to Table 1 which shows the frequency and percentage of total ODRs by problem behavior in descending order by frequency and percentage.  There is a wide variation in number of referrals per incident type and it is noticeable that the most common types of offenses for middle schoolers are defiance/ insubordination, physical aggression, and disruption.  The least frequent ODRs are very severe types of behavior such as a bomb threat or arson.  The minor/ warning was only given twice and the two that are recorded in the data occurred in the middle of the second year of program implementation, on the same day but for different incidents and from different educators.   This indicates that educators are using different methods of dealing with minor/ warning type offenses and possibly these educators were substitutes or non teaching faculty who were less familiar with the ODR system.  The top seven incident types will be more heavily examined throughout the remainder of our paper because their sample size is adequate.  

Table 1

	Problem Behavior ID
	Frequency
	Percent

	Defiance/ Disrespect/ non-compliance
	444
	33.26

	Fighting/ Physical Aggression
	186
	13.93

	Other Behavior
	182
	13.63

	Disruption
	139
	10.41

	Abusive language/ inappropriate language
	93
	6.97

	Harassment/ Tease/ Taunt
	88
	6.59

	Skip Class/ Truancy
	79
	5.92

	Forgery/ Theft
	31
	2.32

	Tardy
	18
	1.35

	Vandalism
	16
	1.2

	Lying/ cheating
	15
	1.12

	Property Damage
	8
	0.6

	Unknown Behavior
	7
	0.52

	Use/Possession of Drugs
	7
	0.52

	Use/ Possession of Combustible Items
	6
	0.45

	Use/ Possession of Tobacco
	5
	0.37

	Use/ Possession of Alcohol
	4
	0.3

	Use/ Possession of Weapons
	3
	0.22

	Minor/Warning
	2
	0.15

	Bomb Threat/ False Alarm
	1
	0.07

	Arson
	1
	0.07

	Total
	1,335
	100


Table 2 compares the relative frequency of individual ODRs and ODRs with peer involvement (as a percent of their totals). The total number of observations for ODRs with peer involvement is 733 so we count them two times, while the number of individual ODRs is 602.  Table 2 is ordered in descending order by Peer ODR which maintains the same top six problem behaviors at the top of the list in terms of percentage of total ODRs.  Their order however has changed which proves that these are six of the most important if not the most important ODRs to look at and also they involve peers which will be useful in later analysis concerning peer effects.  

Table 2

	Problem Behavior ID
	Individual ODR
	Peer ODR

	Fighting/ Physical Aggression
	2.20%
	23.60%

	Defiance/ Disrespect/ non-compliance
	51.80%
	18.00%

	Other Behavior
	8.50%
	17.90%

	Harassment/ Tease/ Taunt
	0.30%
	11.70%

	Disruption
	11.80%
	9.30%

	Abusive language/ inappropriate language
	6.50%
	7.40%

	Skip Class/ Truancy
	8.10%
	4.10%

	Forgery/ Theft
	2.00%
	2.60%

	Vandalism
	1.30%
	1.10%

	Lying/ cheating
	1.50%
	0.80%

	Use/Possession of Drugs
	0.30%
	0.70%

	Unknown Behavior
	0.50%
	0.50%

	Property Damage
	0.80%
	0.40%

	Use/ Possession of Combustible Items
	0.50%
	0.40%

	Use/ Possession of Alcohol
	0.20%
	0.40%

	Use/ Possession of Weapons
	0.00%
	0.40%

	Use/ Possession of Tobacco
	0.50%
	0.30%

	Minor/Warning
	0.00%
	0.30%

	Tardy
	2.80%
	0.10%

	Bomb Threat/ False Alarm
	0.20%
	0.00%

	Arson
	0.20%
	0.00%


Table 3 shows that the school-wide trends were consistent with one another for ODRs issued.  Cohort analysis which seeks to isolate changes attributable to alterations in behavior within an age group reveals this school-wide trend.  Each year the number of ODRs per grade changes but it is consistent with the other grades in the school.  This can possibly attributed to the application of the program school-wide being equal each year.  However, when comparing patterns between classes we see that there is no trend pointing to an increase or decrease of ODRs as each class ages.  Possible explanations for this is that the program targets students in different grades more heavily or that some classes are more or less ODR averse than other classes.   
	School Year
	2001/02
	2002/03
	2003/04
	Total

	Grade 6
	 
	 
	 
	 

	Frequency
	216
	71
	85
	372

	Average ODR per Student
	1.24
	.423
	.618*
	.708

	Grade 7
	 
	 
	 
	 

	Frequency
	182
	136
	150
	468

	Average ODR per Student
	1.81
	.810
	1.25*
	.973

	Grade 8
	 
	 
	 
	 

	Frequency
	153
	151
	180
	484

	Average ODR per Student
	.962
	.974
	1.39*
	.996

	Total
	551
	358
	415
	1,324

	 
	100
	100
	100
	100


Table 3
*The data for the year 2003/04 is only for ¾ of the school year.  To account for this we divided the average ODR per student by 0.75 making it a comparable statistic to those for the previous year.  

Table 4

	Severity Level
	1
	2
	3
	4
	Total

	Grade 6
	 
	 
	 
	 
	 

	 Frequency
	25
	252
	94
	1
	372

	 Percentage of ODR by severity
	22.12
	26.72
	35.74
	20
	28.1

	Grade 7
	 
	 
	 
	 
	 

	Frequency
	35
	353
	78
	2
	468

	Percentage of ODR by severity
	30.97
	37.43
	29.66
	40
	35.35

	Grade 8
	 
	 
	 
	 
	 

	 Frequency
	53
	338
	91
	2
	484

	 Percentage of ODR by severity
	46.9
	35.84
	34.6
	40
	36.56

	Total
	113
	943
	263
	5
	1,324

	 
	100
	100
	100
	100
	100


Table 4 is a summary of the ODRs of each severity level on the scale explained above in the data section.  This table does not explain much about the more severe ODRs because there is such a small sample of them.  This is where the SWIS data could change the way in which it determines severity so that it had a more equal distribution of number of ODRs in relation to their severity.  The rest of the table shows that older students receive more ODRs, but these ODRs are of less severity than the ODRs received by younger students.  As students get older they tend to push the limits of educators and try and cut corners more thus explaining the increase in low severity level ODRs for older students.  

Table 5
	Problem Behavior ID
	Grade 6
	Grade 7
	Grade 8
	Total

	Defiance/ Disrespect/ non-compliance
	 
	 
	 
	 

	Frequency
	110
	177
	150
	437

	Percentage
	29.57
	37.82
	30.99
	33.01

	Fighting/ Physical Aggression
	 
	 
	 
	 

	Frequency
	74
	57
	55
	186

	Percentage
	19.89
	12.18
	11.36
	14.05

	Other Behavior
	 
	 
	 
	 

	Frequency
	63
	48
	69
	180

	Percentage
	16.94
	10.26
	14.26
	13.6

	Disruption
	 
	 
	 
	 

	Frequency
	39
	58
	42
	139

	Percentage
	10.48
	12.39
	8.68
	10.5

	Abusive language/ inappropriate language
	 
	 
	 
	 

	Frequency
	23
	26
	44
	93

	Percentage
	6.18
	5.56
	9.09
	7.02

	Harassment/ Tease/ Taunt
	 
	 
	 
	 

	Frequency
	22
	36
	30
	88

	Percentage
	5.91
	7.69
	6.2
	6.65

	Skip Class/ Truancy
	 
	 
	 
	 

	Frequency
	11
	28
	38
	77

	Percentage
	2.96
	5.98
	7.85
	5.82


Table 5 shows the frequency and then percentage of total ODRs between grades and is sorted in descending order by frequency/ percentage of total ODRs for each incident.  This table allows for a comparison of the frequencies between grades of each ODR of significant sample size.  We see that fighting becomes less frequent as grade level increases.  Whereas we see an opposite trend of increasing ODRs in relation to grade level for abusive/ inappropriate language and skipping class/ truancy.  The remainder of problem behavior types do not show significant changes over time or do not have a large enough sample size to draw conclusions from.  

Table 6

	Problem Behavior ID
	Frequency
	mean(susp)
	mean(dayssu~d)
	std dev(dayssu~d)

	Defiance/ Disrespect/ non-compliance
	437
	0.14
	0.2
	0.65

	Fighting/ Physical Aggression
	186
	0.67
	1.16
	1.34

	Other Behavior
	180
	0.34
	0.7
	1.45

	Disruption
	139
	0.42
	0.56
	0.86

	Abusive/ inappropriate language
	93
	0.31
	0.46
	0.86

	Harassment/ Tease/ Taunt
	88
	0.6
	1.06
	1.23

	Skip Class/ Truancy
	77
	0.32
	0.38
	0.65


Table 6 shows that incidents vary in frequency and the punishment assigned, evidence that different incidents carry different punishments.  This points to the fact that some incidents warrant suspensions while others in the same category do not and they also vary in degree of punishment within incident type.  

Methodology: 

Presenting only descriptive statistics can provide misleading results.  For example, looking at a cross-section of average incomes, one might conclude that income increases with age. However, the relationship between age and income could be due to changes in underlying variables, such as education and experience, which also tend to increase with age. To separate out the independent effect of each variable, we employ statistical regression techniques that enable us to determine the effect of a change in one variable, holding all the other variables in the equation constant.


Before we are able to run our regressions, there are several data issues that we need to address. The data have several cases of students being given multiple ODRs at the same instant in time. This could be due to errors in entering the data or attempts to register more information than the data gathering system allows by creating multiple entries for a single offense. To deal with this problem, we have decided to keep the first observation and drop the following datum if it appears to be a repetition (student ID, time and date, educator ID and location are identical).


Another problem is that our data set omits students without ODRs and the days when school is in session but no ODR is given.  To create certain descriptive statistics, such as average number of ODRs per student, we have added the appropriate number of observations (by grade and school year) entering zeros for the appropriate variables.  However, while running our regressions, rather than constraining a large number of students to disruption level of zero, we have excluded these observations. It is important to note that this will create sampling bias, as students with higher levels of disruption are more likely to be in our sample (this does not affect all our regressions). For regressions where the number of ODRs per day mattered, we have manually included dates where school was in session, but no ODRs were given.


Approximately 10 of the ODRs were listed as being issued on the weekend. We believe this to be data entry error, and hence moved the ODRs to the closest weekday. Since we only have data for a portion of the 2003-04 school year (approximately 75%), we divide any averages by 0.75 for that year to get a yearly average.


To test for the presence of last period effects, we first drop the data from the 2003-04 school year (since the data does not cover the last period of this year).  Then we regress the number of ODRs given during a certain day (as was the case with students and days with no ODRs not being included in the sample), count_doyODR, on a dummy variable equal to one if the day is in the last two weeks of the school year, a measure of the severity of the offense, a count of the students average yearly number of ODRs, a total count of ODRs issued by the educator and a dummy equal to one if the school year is 2002-03. 

By running this regression, we can determine the effect of being in the last two weeks of school has on the number of ODRs issued, accounting for the students propensity to receive ODRs, the educators propensity to issue ODRs, the severity of the offense (last period might be less likely to have an effect on more severe offences) and differences between years.  We also run the regression for the five most common ODRs and the different grades to see if there is any difference in last period effects for these subgroups.


A problem with the above regression is that days that have multiple ODRs are over represented in the data.  For example, a day with 15 ODRs is entered into the data set 15 times. To solve this problem, we collapse the data into daily means.  The dummy variables and the count_doyODR will remain unchanged as they are constant for a given day, but other variables will now be in daily means.  We now run the same regression, using the mean variables.

We also run a set of regressions aimed at describing the patterns in our data.  Specifically, we examine three issues: the relationship between student’s first year history and subsequent years, the yearly average number of ODRs per student, and number of days suspended as a result of ODRs.


To analyze the relationship between a student’s first year history and the subsequent years, we first limit our dataset to those students who are in our data for three years. Then we regress total number of ODRs in the last two years as a function of total ODRs in year one, the mean of the severity of those suspensions, the mean of the number of ODRs given by the educator issuing the ODRs in year one and the average number of days suspended for year one ODRs.


Next we regress the count of ODRs per year on the student’s grade, year dummies to account for variance in issuing ODRs by year, the average severity of the ODRs and the mean number of ODRs issued by educator. By including the last two variables, we hope to account for differences in the composition of ODRs and the relative propensity of educators to issue ODRs.  The grade variable is entered as a continuous variable, constraining the effect to be uniform as grade increases. We also run the regression for the seven most common ODRs to see if grade impacts those ODRs differently.


For our last regression we examine days suspended as a function of year, grade and ODR dummies to which we add the number of ODRs by educator and the yearly average ODRs by student. The ODR dummies that we include are determine whether or not the offense was of a violent, defiant or rule breaking nature and whether or not the offense involved a peer. We also run the regression excluding what we assume to be the assistant principal (the educator with the largest number of ODRs).    

Results:


The results of our regression can be seen in the table below.  All specifications were run using standard OLS with robust errors. The coefficient on last period is statistically significant and negative when the regression is run on all data. Holding all else constant, 0.78 fewer ODRs are issued in the last two weeks when compared with the rest of the school year. As expected, the only individual ODRs to show significantly negative last round effects are those with a low level of severity.


Interestingly, the only grade to show significantly negative last round effects is the sixth grade. We might expect the teacher last period effects to increase with student’s grade level, but it could be the case that this outcome is offset by increasing student last round effects.

We are confident that the statistical significance of the teacher last period effect is underestimated in this model. This bias is a result of the coefficient on last period being the net effect of student and teacher last period effects. It is probable that students are more likely to behave badly in the last days of school.  This means that the coefficient on last period is bias upward by the value of student last period effects. Finding a way to separate student and educator effects might lead to more significant evidence of last period effects.

Table 7

	Dependant Variable:

Number of ODRs per day

	ODR/Grade included:
	All ODRs All Grades
	Abusive/

Inappropriate Language
	Fighting/ Physical Aggression
	Defiance/

Disrespect/ Non-Compliance
	Harassment/

Tease/Taunt
	Disruption
	Skip Class/

Truancy
	Other Behavior
	Grade 6
	Grade 7
	Grade 8

	Last Period
	-0.779
	-0.409
	-0.108
	-0.810
	0.021
	-0.080
	0.256
	-0.269
	-0.690
	-0.037
	0.108

	
	(1.99)**
	(1.85)*
	(0.37)
	(5.26)***
	(0.05)
	(0.31)
	(0.57)
	(3.40)***
	(2.09)**
	(0.14)
	(0.29)

	Severity 
	0.031
	-
	-
	-
	-
	-
	-
	-
	-0.009
	-0.001
	0.109

	ODR(mean)
	(0.11)
	-
	-
	-
	-
	-
	-
	-
	(0.06)
	(0.01)
	(0.54)

	# ODRs per 
	-0.023
	-0.019
	-0.016
	-0.025
	-0.024
	-0.019
	-0.102
	-0.013
	-0.012
	-0.029
	-0.014

	year by student
	(0.48)
	(0.64)
	(0.75)
	(0.95)
	(0.70)
	(1.10)
	(1.54)
	(0.86)
	(0.42)
	(1.25)
	(0.46)

	# ODRs by 
	0.001
	-0.001
	0.000
	0.002
	0.001
	0.000
	0.001
	0.001
	-0.001
	0.001
	-0.000

	Educator(mean)
	(0.54)
	(0.81)
	(0.47)
	(1.40)
	(1.26)
	(0.67)
	(0.76)
	(2.41)**
	(1.19)
	(0.80)
	(0.49)

	Year 1
	0.893
	-0.189
	0.026
	0.220
	0.261
	-0.297
	-0.245
	0.021
	0.431
	0.175
	-0.009

	
	(3.63)***
	(0.70)
	(0.15)
	(1.40)
	(1.47)
	(1.53)
	(0.68)
	(0.18)
	(2.34)**
	(1.12)
	(0.05)

	Constant
	2.638
	1.590
	1.508
	1.601
	1.085
	1.609
	1.783
	1.223
	1.828
	1.707
	1.571

	
	(4.02)***
	(3.71)***
	(8.40)***
	(9.75)***
	(5.80)***
	(7.07)***
	(3.53)***
	(12.01)***
	(4.14)***
	(4.51)***
	(3.24)***

	Observations
	290
	48
	84
	173
	50
	77
	41
	85
	148
	183
	177

	R-squared
	0.05
	0.04
	0.01
	0.04
	0.07
	0.07
	0.11
	0.07
	0.04
	0.02
	0.00

	Robust t statistics in parentheses

	* significant at 10%; ** significant at 5%; *** significant at 1%


Our next regression examines the effects of a student’s first year history on the number of ODRs received in the subsequent years. Our results, in table 8 show that the marginal effect of an ODR in year one is a 0.37 increase in ODRs in years two and three.

Table 8 

	Dependant Variable:

Number of ODRs in Year 2 and 3 by student
	

	Number of ODRs in Year 1
	0.367

	
	(3.75)***

	(mean) Severity of ODR Year 1
	-0.480

	
	(0.51)

	(mean) Days Suspended Year 1
	0.194

	
	(0.36)

	(mean) Count Educator Year 1
	-0.002

	
	(0.35)

	Constant
	4.124

	
	(2.06)**

	Observations
	85

	R-squared
	0.16

	Absolute value of t statistics in parentheses

	* significant at 10%; ** significant at 5%; *** significant at 1%


The mean severity and number of days suspended do not have a significant effect. This suggests that suspensions are an ineffective way to decrease problem behavior, since they do not decrease future ODRs. However, our result could also come from omitted variables (unobservables) that are positively correlated with days suspended and our dependant variable. It could also be that our severity index is inadequately accounting for the propensity for different ODRs to result in suspensions.  For example, we have no measure to distinguish severity within a given ODR.  A simple illustration of this is that an ODR could be classified as fighting if a child shoves a peer however another incident also classified as fighting could involve a higher degree of violence.  If students are getting the same number of ODRs, but less severe ODRs, suspensions could still be effective.


The regressions presented in Table 9 show how the yearly average number of ODRs changes with grade and year.  We also account for the average severity of ODRs and the number of total ODRs issued by teacher. Using the full set of data, we see that years one and three are statistically the same, but that year two shows an unexplained drop in ODRs. Grade does not have an effect on ODRs overall, but it does have an effect on the distribution of ODRs. Our data show that as students get older they are less likely to receive ODRs for fighting, defiance and harassment, but are more likely to get in trouble for skipping class.

Table 9

	Dependant Variable:

Number of ODRs per year by student 

	ODR included:
	All ODRs
	Abusive/

Inappropriate Language
	Fighting/ Physical Aggression
	Defiance/

Disrespect/ Non-Compliance
	Harassment/

Tease/Taunt
	Disruption
	Skip Class/

Truancy
	Other Behavior

	Grade
	-0.151
	0.031
	-0.134
	-0.219
	-0.164
	-0.111
	0.234
	-0.005

	
	(0.98)
	(0.59)
	(1.83)*
	(1.73)*
	(2.24)**
	(1.31)
	(2.39)**
	(0.07)

	year1
	-0.452
	-0.314
	-0.270
	-0.540
	-0.546
	-0.208
	-0.065
	-0.302

	
	(1.45)
	(2.46)**
	(1.52)
	(1.95)*
	(3.15)***
	(1.81)*
	(0.24)
	(2.11)**

	year2
	-1.044
	-0.505
	-0.223
	-1.007
	-0.506
	-0.318
	-0.483
	-0.583

	
	(3.82)***
	(4.88)***
	(1.37)
	(4.62)***
	(3.00)***
	(2.50)**
	(2.92)***
	(5.46)***

	Severity 
	-0.247
	 -
	 -
	 -
	 -
	 -
	 -
	 -

	ODR(mean)
	(1.30)
	 -
	 -
	 -
	 -
	 -
	 -
	 -

	# ODRs by 
	-0.001
	-0.000
	0.001
	0.005
	-0.000
	-0.000
	-0.000
	0.000

	Educator(mean)
	(0.96)
	(0.91)
	(1.01)
	(1.69)*
	(0.71)
	(1.10)
	(0.36)
	(0.46)

	Constant
	5.115
	1.337
	2.606
	3.928
	2.851
	2.357
	-0.132
	1.701

	
	(4.06)***
	(3.33)***
	(5.16)***
	(4.20)***
	(4.69)***
	(3.55)***
	(0.19)
	(3.22)***

	Observations
	497
	81
	131
	237
	77
	111
	61
	143

	R-squared
	0.03
	0.24
	0.04
	0.07
	0.22
	0.05
	0.12
	0.13

	Robust t statistics in parentheses

	* significant at 10%; ** significant at 5%; *** significant at 1%


In our last regression, we attempt to explain variance in the length of suspensions given for an ODR in terms of grade, year and ODR dummies (grade 6, year 1 and other ODR are excluded).  In our later specifications we also account for average number of ODRs by student and educator.  However, dropping the ODRs issued by the Assistant Principal shows that number of ODRs by educator does not have a significant effect on days suspended.  Interestingly, the average number of ODRs by student does not have a statistically or economically significant impact on days suspended (our point estimate for the coefficient shows that the student with the highest average, 12 ODRs per year, is likely to get 0.2 more days of suspension than a student with no ODRs). This suggests that students receive equal treatment by educators, and that the decision to suspend is independent of the students past history.


Instead, suspension seems to be an effect of the nature of the ODR. As expected, ODRs for violent offenses are more likely to receive suspensions than ODRs for defiance, rule breaking or other. We also see that suspension policies seem to vary by year and grade. Our regression shows that educators were less likely to issue suspensions in year two than the other years, and that eighth graders are more likely to receive suspensions holding all other variables constant. ODRs with peer involvement are less likely to receive suspensions, holding all other variables constant.  It could be the case that such ODRs are less likely to be severe, comparing with individual ODRs.

Table 10

	Dependant Variable:

Days Suspended 

	
	All Data 
	All Data
	All Data
	Without AP

	Grade 7
	-0.026
	-0.077
	-0.070
	-0.105

	
	(0.33)
	(1.04)
	(0.95)
	(1.73)*

	Grade 8
	0.207
	0.170
	0.183
	0.031

	
	(2.56)**
	(2.29)**
	(2.44)**
	(0.50)

	Year 2
	-0.173
	-0.138
	-0.129
	-0.035

	
	(2.20)**
	(1.91)*
	(1.79)*
	(0.58)

	Year 3
	-0.202
	-0.069
	-0.061
	-0.014

	
	(2.68)***
	(1.00)
	(0.87)
	(0.25)

	ODR defiant
	-0.570
	-0.342
	-0.347
	-0.229

	
	(5.92)***
	(3.81)***
	(3.87)***
	(3.02)***

	ODR violent
	0.321
	0.336
	0.337
	0.329

	
	(3.04)***
	(3.46)***
	(3.47)***
	(3.78)***

	ODR rules
	-0.461
	-0.291
	-0.286
	-0.195

	
	(3.72)***
	(2.55)**
	(2.50)**
	(2.04)**

	ODRs with Peer 
	-0.041
	-0.125
	-0.122
	0.026

	Involvement
	(0.57)
	(1.91)*
	(1.87)*
	(0.50)

	# ODRs by 
	-
	0.005
	0.005
	-0.001

	Educator
	-
	(15.60)***
	(15.62)***
	(1.08)

	Average ODR by Student
	-
	-
	0.014
	0.018

	
	-
	-
	(1.36)
	(2.17)**

	Constant
	0.944
	0.407
	0.341
	0.421

	
	(8.38)***
	(3.73)***
	(2.85)***
	(3.99)***

	Observations
	1322
	1322
	1322
	1049

	Number of studentid
	372
	372
	372
	329

	Absolute value of z statistics in parentheses

	* significant at 10%; ** significant at 5%; *** significant at 1%


A problem with our regression is that students are entered into the data proportionate to how many ODRs they receive. This means, for example, that if a student has unobservable characteristics which make them more likely to commit violent offenses and get suspended, our coefficients would be biased upward.

Conclusion:


The data we needed to quantify educational output was not available the time of the study, but we have been able to explore the data concerning problem behavior in great detail.  Through the descriptive statistics we have found some interesting points.  The first of these being that ODRs increase during the course of the school year noting the significant troughs in Graph 1 are due to winter and spring break. Also, ODRs peak in volume for the entire school at about 1 pm.  This is ignoring the outlying time period of 7am where we anticipate the spike in ODRs during this time to be attributed to problem behavior being recorded from the previous day or it is the default time period for those ODRs issued that do not contain a time. We have to assume that this is a default because there were no ODRs that did not provide the time of incident.   


Teachers have different tolerances and methods for correcting problem behavior.  Graph 6 shows that there are some teachers who are inclined to use ODRs as a tool for dealing with problem behavior but there are a significant portion of educators who do not utilizing the tool very much.  Table 3 hints to the fact that some grades are targeted more than others or that some classes show more problem behavior and warranting ODRs than other classes.  But there is not a significant trend that classes follow as the progress through middle school.  

While the descriptive statistcs show that students tend to receive more ODRs of lower severity levels such as tardiness, skipping class and forgery as they get older, our regression shows the opposite effect: that students are less likely to commit minor offenses as grade increases and are also less likely to get into fights. Other regressions show that negative last period effects exist and are significant for minor ODRs and sixth graders; suspensions are unlikely to influence the future number of student ODRs, but past ODR history has positive and significant effect; and days suspended are a function of grade, year and the nature of the ODR and do not depend upon student history.

Combining the behavior data that we have with the data on educational achievement will make it possible to test for the presence of both direct and indirect peer effects. We hope to receive this data along with schedule information, so that we can better account for the effect of different teachers. Also, the schedule information will be the only way to determine whether or not educators are teachers and how long they are in the data gathering system. We also hope to eventually gather direct observation data, which will measure actual levels of classroom disruption by student. This data will provide a much more accurate measure of disruption than student ODR, which we are currently using as our proxy.
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