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Abstract: The purpose of this project is develop a framework for time series analysis on data sets which have long known periods of
missing information. Such a situation presents itself when This project presents a way to predict the number of students involved in
these violations based on past observations and future known conditions. The effects of a full moon, homecoming, finals week,
weekends, and semester breaks on the prevalence of students involved are considered and quantified. Time lags accounting for weekly
and daily autocorrelation as well as a yearly moving average are incorporated. Because data is unavailable for summer and winter
sessions, special consideration is made in the model for the beginnings of semesters. Better understanding the patterns of on-campus
incidents over time will contribute meaningful insights for hall directors, resident assistants, and entities who support and protect
students. In addition, this study can inform disciplines like sports analytics as well as other areas in which large time gaps might also
be encountered when implementing time series analyses.

Data Set

The data includes cases in which a student of UWEC was found responsible of a policy violation. The violation was reported by
Resident Assistants, Hall Directors, Campus Police, or other housing staff. We received 4, 880 records from 8/22/2012 through
12/23/2016, before summer and interim records were removed.
To ensure confidentiality, only data from Fall and Spring semesters (no breaks, Summer, or Winterim sessions) were analyzed.
We performed all analysis using the number of students involved in judicial code violations on each day as the response variable.

Definitions

• Weekend: Friday, Saturday, Sunday, 12:00 am to 11:59 pm
• Full Moon: the three days surrounding the full moon (day of, day before, and day after)
• Jump Indicator: Either day or week before a new semester, marking a "jump" in the data

Generalized Linear Models and Time Series Analysis

Generalized Linear models with Poisson response:
We are estimating, using maximum likelihood techniques, the parameters β0, β1, ..., βk with the equation

µ = eβ0+β1·x1+β2·x2+···+βk·xk+Rt = eβ0 · eβ1·x1 · eβ2·x2 · · · eβk·xk · eRt

For the mean of the Poisson-distributed count, when xj is an indicator variable at xj = 1, this multiplies the mean by eβj.
Time Series - Autocorrelation and Moving Average terms:
We model the count time series of generalized linear models using the package "glarma" in R. This method allows us to estimate
two first-order autoregressive terms φ1 and φ7 (at 1 and 7 days) and a moving average annual term θ227:

Rt = φ1(Rt−1 + εt−1) + φ7(Rt−7 + εt−7) + θ227εt−227 where εt = Yt − µt
σt

, with σt = √µt

Considerations: Purpose is vital when considering model selection. If the purpose of the study was to be able to predict
number of students involved in housing incidents, into future semesters, we would want to include time series across a time period.
If a simple descriptive approach is desired, the pattern within a semester can be modeled excluding the time-series components.

Results: Full Model for 2015-16 Academic Year

Figure 1: Number of students involved in housing incidents across the 2015-16 academic year; models fit by GLARMA Model with Poisson mean

Discussion: An alternative way to model the number of students involved in on campus incidents is to build the model on a
semester-by-semester basis. Visually, this approach appears to be more accurate. However, it is important to note that information
about previous years cannot be included using this method. It also cannot be used to forecast future behavior. A semester-by-semester
model, thus is best used for looking at a specific semester in the past. The full model is best for looking at trends over longer periods
of time and for generating predictions.

Fall 2015 Analysis

Figure 2: Number of students involved in housing incidents in Fall 2015

Spring 2016 Analysis

Figure 3: Number of students involved in housing incidents in Spring 2016
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Simulations

Simulations were run in order to identify best approaches, developed under assumptions that are reasonable analogies to the
real-data context. Many samples were simulated across 40 time periods, with small correlated error, based on the (true) model:

µ = e0.8 · e0.6x1 · e1.1x2 · e0.3x3 · e−0.2x4 · e0.1x5 · e0.5x6 · e0.2Rt with Rt = 0.7Rt−1

Indicator variables considered: x1 = regular occurrence, x2 = fall-only occurrence, x3 = fall, x6 = year 1, x7 = day jump
Separate time-trend variables considered: x4 = Fall semester day, x5 = Spring semester day
Four approaches: 1 = no jump, ARMA; 2 = jump after, ARMA; 3 = jump before, ARMA; 4 = jump before, AR

Results of coefficient estimates

All four approaches tend to be biased a bit larger than the
true parameter (see plot for estimates of β2 below).

Figure 4: Values of β̂2, across all 1000 samples
Estimates for φ1 and θ20 were also consistent, but balanced
with the coefficient for the jump.

Error comparison

Density plots of the sum-of-squared errors for each of the ap-
proaches are shown below.

Figure 5: Error values, across all 1000 samples
Approach 3, the jump before with ARMA, appears to be pre-
ferred for minimizing error.

Time Series Analysis with Large Gaps

Considerations: Time gaps, as we observed them in this study, have nuances for which we must account in the model:
• There are annual (cyclical) patterns that may recur over the course of the semester.
• The "gaps" are due to removed data during Winterim and Summer terms. Autocorrelation, at lag times 1 and 7 days, no longer
has the same meaning as it would incorporate the last day and week of the previous semester when modeling the current semester.
• The change points are modeled as "jumps" in the time series model. Jump indicators are used to denote the day- or week-long
lag times at which the autocorrelation does not have meaning.

Results: Overall GLARMA Analysis

Figure 6: Number of students involved in housing incidents across all semesters; model fit by Generalized Linear Autoregressive Moving Average (GLARMA) model
with Poisson mean

Indicator variables considered: x1 = Weekend, x2 = Day jump, x3 = Week jump, x4 = Full moon, x5 = Homecoming, x6
= Homecoming weekend, x7 = Thanksgiving break, x8 = Spring break, x9 = Weekend before finals, x10 = Finals week, x11 = Fall
semester, x12 = 2012-13 Academic year, x13 = 2013-14 Academic year, x14 = 2014-15 Academic year, x15 = 2015-16 Academic year
Separate time-trend variables considered: x16 = Fall semester day, x17 = Spring semester day

Reduced model: µ̂ = e1.0591·
(
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)x1 (
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= 2.884·(2.93)x1 (1.78)x2 (1.05)x3 (1.09)x4 (0.98)x5 (2.52)x6 (0.16)x7 (0.04)x8 (1.29)x9 (0.96)x10 (1.01) ; φ1 = 0.006, φ7 = 0.049, θ227 = 0.035

Full model: µ̂ = 2.35 · (2.95)x1 (0.06)x2 (1.84)x3 (1.09)x4 (1.01)x5 (2.54)x6 (0.16)x7 (0.04)x8 (1.26)x9 (0.93)x10

· (0.87)x11 (1.54)x12 (1.22)x13 (1.30)x14 (1.26)x15 (0.998)x16 (0.995)x17 ; φ1 = 0.001, φ7 = 0.042, θ227 = 0.041

Interpretation

An estimated 2.4 students are involved in judicial code violations in the residence halls on a typical day according to the full
model. The average number of students is estimated to multiplicatively increase by 2.95 times during weekends and 2.54 times
during homecoming weekend. Other influential effects are Thanksgiving break and spring break, which multiply the mean number
of students by 0.16 times and 0.04 times respectively. Each academic year also significantly influence the model. There is a slight
decreasing trend in incidents over the course of the spring semester (0.99 multiplicative effect). Weekly autocorrelation and the yearly
moving average are also significant. The jump indicators between semesters also were significant, with a 0.06 multiplicative increase
for the last day of the semester and 1.84 for the last week.A similar interpretation can be applied to the reduced model. According
to a deviance test, the full model is significantly better at modeling the number of students involved in housing incidents over time
than the reduced model.

Future Questions
• Does temperature influence incident occurrence in UWEC Housing?
• Does jump regression provide a better way to model these large time gaps?

Acknowledgements
• Office of Research and Sponsored Programs, UWEC.
• Deborah Newman and UWEC Housing and Residence Life for providing data.
• Department of Mathematics, UWEC.


