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4. BUECTION BETWEEN FORESTS AVOIDING 213 AND LATTICE
PATHS FROM (0.0) TO (4n ULUSING STEPS (1,3),(2,2),(1,-1)
STAYING WEAKLY ABOVE THE T-AXIS

[ 1. INTRODUCTION ] [ 5. TABLE ]

We examine labeled increasing forests composed of binary trees with three

Inereasing forests of [ Sequence OFIS#

nodes whase associated permutations avoid patterns of length 3 and investigate l“ ‘1 ] R #
shrubs

how these forests are related to other combinatorial ohjec This work . =

. . ) . . 1 Start with a lattice path from (0, 0) to (4n,0) using Total 2, 80, 13440, 5913600, .. . ES
continues a long lne of research extending the notion of classical pattern B
. . steps (1, ), (1, —1) staying weakly above the r-axis. This . 1.

avoldance on permutations to other structures, for example: Dyek paths [West ath is from (0.0) to (20, 0), correspanding to r . 1

and others). binary trees {Pudwell and others), linear extensions of posets (Yak- path is from (0,0) te (20, carresponding to i = 5 trees. w 5

onbov and others), heaps (Riehl and others), and polvominoes (Yan and others). ‘Walk along the path from left to right. labeling each vertical . e -

increase alphabetically. We use letters a through 1 for this ! ., »

The most general form of the question considered here has nice applications example path. Next, at the middle of each (2,2) step, label L/ S ViR now

to periodic scheduling problems, where there are recurring precedence require- the middle point with a unique letter. This path has three 7N i g i A000079 : 2

ments. For example, consider a scenario with n identical robots each executing 2,2) steps, so we label the middle points m, n, and o. /

AVHES
2% A000302 : 2 % 4F

a tas

such as retrieving a box and adding it to a stack. In such a scenario, we

have not only precedence requirements on the actions of each individual robot
(the inereasing tree requirement) but also global precedence requirements. For
example, ensuring that no two heavier baxes are both stacked on top of a lighter
hox is equivalent to aveiding the patterns 231 and 321.

rh-F 231,312)
2) 2,2,2, ANOT305 ¢ continuons 25

Read from left to right and record
the first onccurrence of each letter.

In doing this we obtain the word
ambede fnghijkol

Then reading from right to left on the
path. number the letters in the above
string in the order in which they
appear. The result is the permutation
assoclated with the lattice path

In this instance, it is
T15148910111312156243
Here is the permutation displayed

Av(213,321)
Av(231,321)

ATE650
2+ AQO0400 2 2% 6F
2% AN0351: 2% 5°
AD00027 © natural numbers
4,68, 10, 2+ AN00049 : 2% 2F
18,54, 162, .. 2% ANI024 25 5F

2. DEFINITIONS ]

Given permutations m = mymp---m and p = pypa-
contains g as a pattern if there exist 1 < 4 < iz <
m;, < m, if and only if po < py. In this
order — isomorphic to p and that
not contain p, then 7 is said to avoid p.

- pm we say that @
-+ip < n such that

case we say that = m;,
reduces to o If 7 does

is

o

6. CONCLUSIONS, CONJECTURES, AND
FUTURE RESEARCH

An increasing tree is a tree where each child node has a label larger than on a binary forest. This is a
the label of its parent node. Within these trees and forests is the associated
permutation. which is the permutation formed by reading vertex labels from
left to right across h level of the tree starting at the root. Next, a binary
tree is a tree where cach node has 0 or 2 children.

demonstration of how to use
the bijection to take a lattice
path to a for

In addition to the bijection shown in the poster, we have also found interesting
bijections for many other sets of pattern avoiding forests such as in the table
above. For forests avoiding 312, we have a bijection to the same lattice paths as
the forests avoiding 213 shown, but the paths are read and formed in a slightly
different manner. Additionally we have a hijection from forests avoiding 231 to
lattiee paths of north and east steps weakly below the line 22/3. We also have
bijections for forests avoiding 123 and 132 to different sets of lattice paths.

Now, let us reverse the bijection and find the lattice path corresponding to a given binary forest. For this example, we use the
permutation 798 12 6 3 5 4 which is read from the forest of 3 trees from helow.

[ 3. EXAMPLES ]

In the permutation, mark all of the numbers that start a decrease between consecutive leaves. In our permutation, the marked numbers
are 9and 5 Now we label the remaining numbers alphabetically from left to right. Thisr sina9bcde fig Then we label the
the marked numbers with their own unique marked alphabetical letters, in this instance let us choose i and . Thus our permutation
isnowahbede fig where h and ¢ are considered marked.

The permutation 2 4 1 3 contains an occurrence of 132, becanse the sub-
permutation 2 4 3 reduces to 1 3 2. However, 2 4 1 3 avoids the patterns 123 .
and 321 Currently, we are working on forests avoiding 321. We have found the quantity
of forests which avoid this pattern for forest sizes from 1 tree to 250 trees using
a & 2 [ 5

a clever recuwrrence relation; however, it does not comeide with any known
sequences.

Below we have a forest of increasing binary trees:

Although we have made additional bijections to forests avoiding two or more
pattemns as well, there are some that we are still working on.  However, by
going through all of these examples, we have decided that our next step has
two potential directions. One is to extend our results to k-ary shrubs, which
are forests of trees that are a maximum of one level high and contain k — 1
leaves each. The second option would be to extend our results to forests of
binary trees with multiple levels. We will next investigate the k-ary shrubs
before moving on to the other option becanse we know from computations that
the shrubs will have fewer unique patterns.

Now we build the path. Each increase between consecutive leaves comresponds to a (1, 3) increasing step and each decrease between
2) increasing step. Then to find the number of (1, —1) decreasing steps between each increasing
step, we look at the root of the nest tree and count the number of unmarked letters prior to it which are larger. Next. we subtract the
mumber of decreasing steps we have built prior to these. Then continue these steps until there is a corresponding increase for every

consecutive leaves corresponds to (2.

Associated permutation: 1012 11129348567

Contains patterns: 123, 132, 231, 312, and 321

tree and that the end point is at (12,0). The completed path for our example is shown above.
Avoids pattern: 213
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[ 1. INTRODUCTION ]

We examine labeled increasing forests composed of binary trees with three

nodes whose associated permutations avaid patterns of length 3 and invest

how these forests are related to other combinatorial objects. This work
continues a long lne of research extending the notion of classical pattern
avoldance on permutations to other structures, for example: Dyck paths (West

and others). binary trees {Pudwell and others), linear extensions of posets (Yak-
onbov and others), heaps (Riehl and others), and polvominoes (Yan and others).

The most general form of the question considered here has nice applications
to periodic ng precedence require-
ments. For

heduling problems, where there are recur

scamnple, consider a scenario with n identical robots each executing
. such as retrieving a box and adding it to a stack. In such a scenario, we

ata
have not only precedence requirements on the actions of each individual robot
(the inereasing tree requirement) but also global precedence requirements. For
example, ensuring that no two heavier baxes are both stacked on top of a lighter
hox is equivalent to aveiding the patterns 231 and 321.

2. DEFINITIONS ]

Given permutations © = mm, ap and p = ppa--- pm we say that o
contains g as a pattern if there exist 1 < 4y < 42 < ---iy < n such that
m, < m, if and only if pa < gy In this case we say that = m;, -
order — isomorphic to p and that reduces to p. If
not contain p, then 7 is said to avoid p.

An increasing tree is a tree where each child node has a label larger than
the label of its parent node. Within these trees and forests is the associated
permutation. which is the permutation formed by reading vertex labels from
left to at the root. Next, a binary
tree is a tree where cach node has 0 or 2 children.

it across each level of the tree startin

[ 3. EXAMPLES ]

The permutation 2 4 1 3 contains an ocourrence of 132, because the sub-
permutation 2 4 3 reduees to 1 3 2. However, 2 4 1 3 avoids the patterns 123
and 321

Below we have a forest of increasing binary trees:

o

10

Associated permutation: 1012 11129348567
Contains patterns: 123, 132, 231, 312, and 321

Avoids pattern: 213

4. BIJECTION BETWEEN FORESTS AVOIDING 213 AND LATTICE
PATHS FROM (0,0) TO (4n,0) USING STEPS (1,3),(2,2), (1,—1)
STAYING WEAKLY ABOVE THE 7-AXIS

Start with ttice path from (0, 0) to (4n,0) using

steps (1,3) , (1, —1) staying weakly above the This .
path is from (0,0) to (20. 0), corresponding to n = 3 trees.
‘Walk along the path from left to right. labeling each vertical .

increase alphabetically. We use letters a through 1 for this
example path. Next, at the middle of each (2,2) step. label
the middle point with a unique letter. This path has three

(2, 2) steps, so we label the middle points m, n, and o.
e

Read from left to right and record g

ter. it n Y 1
In doing this we obtain the word
ambede fnghijkol

Then reading from right to left on the
path, number the letters in the above

the first nccurrence of each 1

string in the order in which they
appear. The result is the permutation m
assoclated with the lattice path

In this instance, it is
T15148910111312156243
Here is the permutation displayed
on a binary forest. This is a
demonstration of how to use

the bijection to take a lattice

path to a forest.

Now, let us reverse the bijection and find the lattice path corresponding
permutation 798 12 6 3 5 4 which is read from the forest of 3 trees from helow.

are 9and 5 Now we label the remaining numbers alphabetically from left to right. Thisr
the marked numbers with their own unique m
isnowahbede fi g where hand ¢

red marked.

cons

Label each (1, —1) downstep with the corresponding vertical increase label. Thus, we will have downsteps with labels a through 1.

In the permutation, mark all of the numbers that start a decrease between consecutive leaves. In our permutation, the marked numbers
ultsina9bede f35g. Then we label the
sl alphabetical letters, in this instance let us choose & and . Thus our permutation

consecutive leaves corresponds to (2.

step, we look at the root of the nest tree and count the number of unmarked lette

Now we build the path. Each increase between consecutive leaves corresponds to a (1,3) increasing
2) increasing step. Then to find the number of (1, —1) decreasing ste
s prior to it which
mumber of decreasing steps we have built prior to these. Then continue these steps until there is a corresponding increase for every
tree and that the end point is at (12,0). The completed path for our example is shown above.

re larger. Next, we

tep and each decrease between

wetween each increasing
ubtract the

[ 5. TABLE ]

Increasing forests of | Sequence OFIS#
shrubs

Total

. 80, 13440, 5913600, . . . A210277 : (3n)!/37
A001764

. Ao
14, 134, 1482, 17TRIR, . AL
29, 151491, .. [A0GO941
A5, GTH00, - [new

L8, 16, ADO0079 - 2F

2
1,
1,
2
2
1
1

1.4,10.19.31, ...
8,32,128,512,...

AVHES
2% A000302 : 2 % 4F

ANOT305 ¢ continuons 25

G, 13, 23,306, ...
12,72, 432,
10, 50, ), 12:
2,3.4,5,..
2,4,6,8,10,..
18,54, 162, ...

ATT3650
2+ AQO0400 2 2% 6F
2% AN0351: 2% 5°
AD00027 © natural numbers
2+ AN00049 : 2% 2F
2% ANI024 25 5F

E 13, 231,321)
Av(231,: 21)

6. CONCLUSIONS, CONJECTURES, AND
FUTURE RESEARCH

In adldition to the bijection shown in the poster, we have

bijections for many other sets of pattern avoiding fore

lso found interesting

s such as in the table

above. For forests avoiding . we have a bijection to the same lattice paths as
the forests avoiding 213 shown, but the paths are read and formed in a slightly
different manner. Additionally we have a hijection from forests avoiding 231 to
lattiee paths of north and east steps weakly below the line 2z

We also have

JE
hijections for forests avoiding 123 and 132 to different sets of lattice paths.

Currently, we are working on forests avoiding 321. We have found the quantity
of fore

which avoid this pattern for forest sizes from 1 tree to 250 trees using
a clever recurrence relation; however,

it does not coincide with any known
sequences.

Although we have made additional bijections to forests avoiding two or more
pattemns as well, there are some that we are still working on.  However, by
going through all of these examples, we have decided that our next step has

two potential directions. One is to extend our results to k-ary shrubs, which

are forests of trees that are a maximum of one level high and contain k — 1
leaves each. The second option would be to extend our results to forests of
binary trees with multiple levels. We will next investigate the k-ary shrubs
before moving on to the other option because we know from computations that

the shrubs will have fewer unique patterns.
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Energy efficiency
is reducing the amount of energy
needed to perform a task

[ Dann ]

This analysis incorporates multiple studies: the Residential Energy Consumption Survey
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United States. RE tile AHS inclndes

maore sociodemo wets of energ

American Housi
3 households and AF
% include more questions about en.

shic information.  This ar

studies multiple

efficiency available in both survevs.

pee: people can
Energy Star

Star appli
ar appliance and they can ha
tions for marketing and pol

There are two different energy efficient factors for each Enel
1 Energy

different impli

actively chocse to purchase
appliance. These have very

in the literature. As such, a study incor-

Store Store
Best Buy Best Buy
Sears Se
Home Depot Home Depot
Lowe's Lowe's
hhygre
Tatal

Not Energy Ste

Star laheled.
ergy Star refrig
As these percent

% of clothes washers on the market are Ene
(6 data, T0.72%
households chose an Energy
the avail
Energy Star models.

of households chose a primary B
Star clothes
sility found in 2015, people shopping for these appliances are activel

sher.

[

RECs REGrEssION REsuLTS

[ Wao 15 ENErRGY EFFICIENT? ]

e ES|Choose

socicdemographic variables Choose ES

Efficient While ifi
Lightbulhs efficiency often di

» ES o and impact of the sociodemographic factors on household energy

ers with e

Almest

-h variable in both studies, some patterns emerge.

unanimous i the importance of the householder living with a partner /spouse and attaining

a higher level of education.

Also predictive of energy efficiency is a higher household income and living in a house,

Fridge Fridge Washer
live with partner
people in house
sexe, female=1 neg™*
Touseholder education
urban, yes

wed or detached. Newer homes are more likely

‘hether that house &

regardless of

housholder's age”

¢
Tousehold income

neg™*" to b appliances, but house age has no impact on householder's choice to
purcl Star appliances. Newer houses have negative significance for other energy

honseage:

efficient measures.

nagt While the househalder's squared age is negatively statistically significant. the coefficients in
o the regression make it economically insignificant. Understandably, renting a home m
energy efficiency less likely.
neg
partment commple neg West North Central and
sartment comples g North Central census divisions
1ed hiouse are least likely to have & 5 .
separate honse rll.r efficient ||u|l.-|']lu|\.l.::_ . - . =
Tents home - p— neg™ e neg Middle Atlantic and Pacific -
Froe Tosn censug divisions are more {7 .\}
Househalder is Asian n likely to b v
Householder i Black households. -
Honseholder i Hispanic g’ it - ) )
Honseholder 1 " The impact of race is much more varied than previons studi =t. Blacks and Hispanics
Householder i were less likely to insta e more likely to have an Energy
PR s wonit - Star refrigerator and save heat during the night. Race had no significance for any of the
Homeeholder i mised Taee o tors in the AHS. However, AHS demaonstrates that those who are not

Middle Atlantic

bom as US citizens ient.

re less likely to be energy of

East North Central

A resident of a home attending religious services proved to have a positive statistically

These results are estimated via OLS

such as presence of kids, were
sociodemographic factor ailable in AHS. Both citizenship

were incloded in the AHS regressions.

dish

therefore have less value. AHS 2011 energy efficient factors is he
washer, and dishwasher. AHS abso includes a question about ener,

spans multiple survey vears.

‘_"H Nenths L_"““"] . e by t impact on the performance of energy efficient jobs on resident in AHS 2013,
Sonth Atlantic T
East South Central neg
West South Central neg** neg
Nonntain North [ FuTture NEEDS ]
Mountain South neg”
Pacific neg***
While this anal 5 more comprehensive than many before it
ssions. Sociodemographic variables that were insignificant in energy efficiency would be useful. There are

excluded from the essions. Different were not covered by these survevs. Also, knowing how re peaple are of en

ions behind engaging in them could be very instrumental in ereating
and palicies.

behaviors and moti
effective marketin

and a more comprehensive metro va

aly
v of the questions. Dependi

There are also specific questions raised by this

Arommd 20% of AHS respondents

re Jess informative aphic gronps these

he differences between
: wpact of religion, political
efficiency should be considered in future analyses.

aving an Energy Star refrigerator, clothes

efficient jobs performed on houses that

m

bt fwur

topi

sot.com, lowes.com, & hhrgreg com

008,

Acknowledgments

# National Science Foundation award DMR-1461
» Renewahle Energy Materials Research S
# Colorado School of Mines

. REU Site: Research Experiences for Underg ates in Renewable Energy

ence and En

ineering Center REL

Year: 2015
Tool: Latex

Worcester Polytechnic Institute



Scktnic and Enginesting Conte

I3 in the United States
ML Tlachac

§ ’ R Energy Maberas Research

Sociodemographic Factors Influencing Household Energy Efficiency

MOTIVATION

[

RECs REGrEssION REsuLTS ]

sociodemographic variables Choose ES e ES|Choose ES|Have ES Hicient
Fridge Washer Washer ghtbulbs
live with partner
o people in house
e becoming more pronounced. o, female=1 g™t
the sociodemogral holder educs
yes =1 neg”
honsholder's age 1 g
honsehold income
houseage: 195()-
Energy efficiency
is reducing the amount of energy
needed to perform a task ne
it
[ DaTa ] 2
neE
This analysis incorporates multiple studies: the Residential Fnergy Consi
American Housing Survey [ AHS) rents home ™ —— neg*™ I neg
3 households and AF Froe Ton
Householder is Asian
Householder is Black
Houseliolder 1 Hispanic neg
Houseliolder 1
wee: people can Householder i 1
actively choose to purchs 1 Energy Star appliance and they can Energy Star Homseholder is another tace ——
appliance. These have very different implications for marketing and pol Householder i mixed race —
Middle Atlantic
t North Central n
West North Central I neg*” neg neg"”
South Atlantic I fiT:
Siore Store t South Cend i
st By st By West South Centz
- - - - Mountain North
Sears Sears : oo : o
Home Depot Home Depot lonuiain South S e
Lowe's -
hhgregs These results are estim: 0OLS raf insignificant in
Total all of the energy such ds. were excluded from the regressions. Different
Mot Energy sociodemog ailabl enship and a more comprehensive metro
SRIOIS.
G0% of clothes washers on the market are Energy Star labeled
P00 data, T9.72% of howseholds chose a primary Energy Star refr Other RECs energy efficient 5 include choosing
housel Star clothes washer. As these percent i wer, and saving air conditioning during the ni The results ¢

. people shopping for these appliances are actively choosing therefore have less value. AHS 2011 energy efficient

[ Wao 15 ENErRGY EFFICIENT? ]

t of the sociodemographic factors on household energy

While
efficiency of

ers with each variahle

n both studies. some patterns emerg

unanimous i the imy oo of the householder living with a partner spouse and at

L.

a higher level of edne:

higher household income and living in a house,

1ed or detached. Newer homes are more |

has no im m householder's o to

er houses have neg gnificance for other energy

purchase Star appliances.

efficient measures.

While the householde
the

L1y sig t. the coefficients in

mdlably, renting a home m

is negatively s

insignifi

v's squared ag

Uneelen

Blacks and His =

rhit bulbs, but are more likely to have an Energy

wy of the

luring the night. Race had no significance for
rs in the AHS. However

AHS demonstrates that those who are not

s likely to be energy

[ FuTurE NEEDS ]

While this an:

¢ efficienc

5 more comprehensive than many before it

wuld be useful. There are

; mare
iz how
ions behind engaging in them could be very instrumental in er
and pal

were not covered by these surveys, Als

W

behaviors and moti

efective marketin

There are also specific questions raised by this

GET T of the questions. Depending

Is belonged

rs s having an

hwasher. AHS
ans multiple survey vears.

washer, and Jso includes a question about ene

Acknowledgments

# Renewable E [ateri

# Colorado School of Mines

com, lowrs.com, &

» National Science Foundation award DME-14

Research

ates in Renewable Ener

. RE

Site: Research Experiences for Unde

ence and En

ineering Center REL

Year: 2015
Tool: Latex

Self Critiques

Colored text in
table difficult to

read

Too much text
Text too small
Can’t match

references

Good use of
tables to break

up walls of text

Worcester Polytechnic Institute



Statistical Analysis of Crime in Eau Claire, W1 Ye ar: 20 1 5
Matthew Tlachact, ML Tlachac*

Research Advisor: Abra Brisbin* TO O | : La teX

*University of Wisconsin-Eau Claire, TUniversity of Minnesota

s by iy o he e Criman by Type

When moving off campus or to a new city, safety from crime is often a prin A study conducted by the University uI MNew Mexico found that there is a relation between

Using erime ’ 50 tics to identify factors that influence crime distribution in = B ] types of establishments and o ]. They found violent, property, and drug erime

Ean Claire, WL This conld potentially help people determine where they would like to e~ B were more common around blocks with bars, restanrants, and high schools: churches and

reside. Crimes occurring during the last month of spring semester 2015 and the first month s elementary schools had no notable relation. We looked at all crimes within a radins of

of fall semester 2015 were collected from crimemapping com|1]. % 00025 degrees of latitude and longitude around the 16 bars, 8 restaurants with aloohol, 7
i schools, and 22 places of worship in downtown Eau Claire.

Owverall, during the § weeks there was a total of 1124 crimes. The scatter plot and results H

of Riplev's K-function for these crimes are below. The Ripley's K-function, vsing the i -

isomorphic translation, gives evidence that the crime distribution is not random over a g H

homogeneous Poisson distribution. Since a random distribution of erimes is very unlikely ; )

given the geography of Ean Claire, we have focused on a restricted which we deem

downtown” . The Ripley's K-function still shows the crimes are cdustered. The downtown || | | | E — | 1

area will be used for the remainder of the analyses. M oa Be me e W T oy e VA e Gane W bt S b

We choose to focus on four different time periods to determine if time was influential on erime. The time il i i —

periods are dam-%am {morming), 10am-3pm (day). dpm-9pm (evening). and 10pm-3am (night). We used . i Rl

Pearson's Chi-squared tests to analyze the information in the above bar plots. There is an association between b Ll | —

the time a crime cccurs and the day of the week (p-value = 2. l; l\]_ll In particular, crimes on the weekend i El

occur at different times than erimes on weekdays (p-value <10 -\].-au there is an association between Pvces of Worship. T A T P

I f 1wk ke = 7.49-10” taily and weekly schedule M o b bt | Cmi

the type of crime and when it occurs (p-value 9-10 , daily and weekly schedul 5 Eimtwmnty it M

ay impact where they want to reside. Given that, we have looked at the spatial erime distribution during = Schools Nrmber of crimes per ok of given dovations

each time period using density maps. From Ripley's K-function crimes are not distributed randomly durir

lam-am, dpm-Opm, and 10pm- . It was unexpected to find that schools had a lower mean number of erimes than locations
of worship. The higher mean number of crimes around hars was expected but the impact
of multiple bars on Water Street needs to be further analyzed.

* Spong Crimes i

Rigley's K-function for crimes i Ean (leive ® FAICOMES  Miplig s K-fanction for ermes in dewntioes
¥
] 1 '

y Toam-dgem cBu Crivees eornering I

Crimes oeearring §

This research project is currently in progress. There i still much analysis left to complete.
Or analyses would be strengthened by collecting, additional data. We have identified im-

" I i portant features of the relationship between time, Jocation, and type of crime. In the future,
: | | we plan to extend this analysis in the following ways.
# Determine if the difference of seasonal crime patterns persists with more seasons. Addi-
I = 2 e = 3 — 1 [ tionally. see if there is a difference in yearly crime patterns.
# Further explore the different interpretations of the broken window hypothesis.
# Investigate the frequency of crimes around bars, schools, and places of worship in all of
575 crimes oceurred during the end of the spring semester and 519 during the Ean Claire. Other establishments than those in the New Mexico study could abo be
of the fall semester. Weather has been shown to impaet crime, but Ms ineluded in analy
September have very similar average high and low temperatures. The below density The broken window hypothesis is a theory s that "erime emanated from disorder and that if disorder were # Analyze how the mumber of crimes near stated establishments compare to the number of
plots demonstrate the difference in locations of crime in the downtown area based on eliminated, then serious erimes would not oceur[3]. As such, we have isolated the disturbances to compare crimes near random locations in Ean Claire.

ainst the other crimes. The difference in crime distribution in the resulting
and fall are clustered. in multiple ways. First, since we would expect the
distribution of disturbances to predict the distribution

of oth we could say the hypothesis is false.
Alternatively, since the disturbances were reported,
we would expect there to be fewer serious erimes in
hat locale, indicating the hypothesis is troe.

Full o

semester. Whether the difference is due to sonal or vearly effect is unknown given
the limited data. Ripley's K-function vielded that crimes in the spring

density plots could be interpreted

# Repeat all of the wes completed with each individual type of erime. That way

depending on the types of crimes that cause concern, people could choose where moved
i more selectively.
1 This research could be extended to any city. The results would be more impactful in a city
= with more violent crimes. This type of research could help advise people when the move off

campls of to a new ety so they can find the most desirable place to live

rimes Al stlier erimes

AU drenton crimes Spring dewerid
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Statistical Analysis of Crime in Eau Claire, WI

Wi lu n moving off campus or to a new city, safety from crime is often a primary concern.
a, we use statistics to identify factors that influence crime distribution in
. WL This could potentially help people determine where they would like to
ng during the last month of spring semester 2015 and the first month

of fall semester 2015 were collected from crimemapping com|1].

reside. Crimes occur

E

total of 1124 crimes. The ter plot and results
of Riplev's K-function for these crimes are below. The Ripley's K-function, vsing the
isomorphic translation, gives evidence that the crime distribution is not random over a
homogeneous Poisson distribution. Since a random distribution of erimes is very unlikely
given the geography of Ean Claire, we have focnsed on a e
downtown” . The Ripley's K-function still shows the crimes
area will be used for the remainder of the analyses

‘Spiing Crimes

Ripley's K-function for erimes in Eau Claine ® Fall Crimes

Owverall, during the 8 weeks there was

ricted area which we deem
are clustered. The downtown

Hiplig s K-fas

Jor erimes i devnties

5 erimes occurred during the end of the sp
ning of the fall semester. Weather has been shown to impact crime, but May and
September have very similar average and low temperatures.  The below density
plots demonstrate the difference in locations of crime in the downtown area based on
semester. Whether the difference is due to 2 ¢ effect s unknown given
the limited data. Ripley's K-function vielded that crimes in the spring and fall are clustered.

rimes Al

asonal or ve

Full o ¢ deemtine
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We choose to focus on four different time periods to determine if time was influential on erime. The time
i and 10pm-dam {night). We nsed
plots. There is ation between
Y. In particular, crimes on the weekend
ocenr at different times than crimes on weekdays (p-value Also, there is an association between
the type of crime and when it accurs (p-value 9-10~1). Thus, an individual's daily and weekly schedule
may impact where they want to reside. Given |l t, we have looked at the spatial erime distribution durin
each time period using density maps. From Ripley's K-function crimes are not distributed randomly dur
lam-%am, dpm-Gpm, and 10pm-3am.
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periods are dam-%am (momis
Pearson's Chi-squared tests to
the time a crime occurs and the day
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-

that " crime emanated from disorder and that if disorder were
3. As such, we have isolated the disturbances to compare
ibution in the resulting density plots could be interpreted
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i

rimes Al stlier erimes

The broken window hypothesis is a theory stati
eliminated, then serious crimes would not oceur
st the other ¢ . The difference in crime dis
in multiple ways. First, since we would expect the
distribution of disturbances to predict the distribution
of other erimes, we could say the hypothesis is false.

Alternativel;
we would expect there to be fewer serious crimes in
hat locale, indicati

nee the disturbances were reparted,

he hypothesis is troe.
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A study conducted by the University
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were more common around blocks with bars, rests
elementary schools had no notable relation. We looked
00025 degrees of latitude and longitude around the 16 ba
and 22 places of worship in downtown Eau Claire.
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Paces of Worship
= Bars A .
= Restaurants with Alcohal

Nmber of erimes per ek of ginen lovations

It was unexpected to find that schools had a lower mean number of erimes than locations
of worship. The higher mean number of crimes around hars was expected but the impact
of multiple bars on Water Street needs to be further analy

This research project is currently in progress. There i still much analysis left to complete.
Or analyses would be strengthened by collecting, additional data. We have identified im-
portant features of the relationship between time, Jocation, and type of crime. In the future,
we plan to extend this analysis in the following ways.

# Determine if the difference of seasonal crime patterns persists with more seasons. Addi-

tionally, see if there is a difference in yearly crime patterns.

# Further explore the different interpretations of the broken window hypothesis.

# Investigate the frequency of crimes around bars, schools, and places of worship in all of
Ean Claire. Other establishments than those in the New Mexico study could also be
included in analysis

bvze how the number of crimes near stated establishments compare to the number of
crimes near random locations in Ean C

# Repeat all of the analvses completed with each individual type of crime. That way
depending on the types of crimes that cause concern, people could choose where moved
mare selectively.

This research could be extended to any city. The results would be more impactful in a city

with more violent crimes. This type of research could help advise people when the move off

campls of to a new ety so they can find the most desirable place to live
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Antibiotic resistant bacteria become more prevalent every vear. In 2013
in the U8 they caused 23 thousand deaths and $40 billion [1].

"

Mean absolute error = TZ |pi — a;| for m antibiotic-bacteria pairs

=1
where p; is the predicted and a; is the actual mean susceptibility percent.

Method Mean Absolute Error
Linear Regression 1.32
Linear SVR 1.13
S POCT 3
We predict the mean susceptibility percent in 2004, 2015, and 2016 using the prior 12 years of data. Gaussian SVR 1.20
P -~ Methods include linear regression as well as linear and Ganssian support vector regression (SVR). PYPER 0.62
et i 2015 E. coli Susceptiblity Percent Prediction Errors Distribution of PYPER Abselyte Errors
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Responsibly prescribing antibiotics can mitigate this growing resistance. -
This requires predictions of the current antibiotic susceptibility. 53 . s
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g w Different methods are better for different antibiotic-bacteria pairs. PYPER chooses a method to use o o ]_ I !
4 based on which model predicted the susceptibility of the previous year best [3] * guide prescription practices
b of . ) I r . & create tres | -'-‘.
P S - N 2015 E. coli Susceptiblity Percent Prediction Errors create treatment policies
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o L g, * « prepare for antibiotic resistant infections
2007 2004 2006 2008 3010 012 3014 2016 E * * *
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Klebsiella pneumoniae susceptibility to carbapenems, cephalosporins, B i - H H . % ] g H 3 5 7]
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Antibiotic resistant bacteria become more prevalent every vear. In 2013
in the U8 they caused 23 thousand deaths and $40 billion [1].

393,000

Martality per 10,000 popalatian

Al foreoasts of antibiotic resistance deaths
Responsibly prescribing antibiotics can mitigate this growing resistance.
This requires predictions of the current antibiotic susceptibility.

The MDPH collected statewide susceptibility reports for 15 years [3.4].

E. coli & levofloxacin Reports

Susceptiblity Percent

Husnber of

20} hacterial cultures

Dom . .
=
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002 7004 7006 300R 7010 3017 3014 2016
Year

COwver 16 thousand reports containing E. coli, Klebsiella orytoca, and
Klebsiella pneumoniae susceptibility to carbapenems, cephalosporins,
and fluoroquinolones [5].
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We predict the mean susceptibility percent in 2004, 2015, and 2016 using the prior 12 years of data.

Methods include linear regression as well as linear and Ganssian support vector regression (SVR).
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Different methods are better for different antibiotic-bacteria pairs. PYPER chooses a method to use

based on which model predicted the susceptibility of the previous yvear best [3]
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Mean absolute error = TZ |pi — a;| for m antibiotic-bacteria pairs

i=1
where p; is the predicted and a; is the actual mean susceptibility percent.

Method Mean Absolute Error
Linear Regression 1.32
Linear SVR 1.13
Gaussian SVR 1.20
PYPER 0.62

Distribution of PYPER Absolute Errors

15 20 25 30 35 40 45
Ansohite Erar

On average, PYPER predicted the future susceptibility percent within
0.62% of the actual susceptibility percent. These predictions can

# guide prescription practices

e create treatment policies

 guide research and development

o prepare for antibiotic resistant infections

Number of Years Ahead|PYPER Mean Absolute Error
1 .62
2 0.79
i 1.13
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Predicting Mental Health from Smartphone Text Messages
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Depression, a prevalent and debilitating mental illness, is frequently The number of total contacts n for each participant P are between 1 and 420 contacts. The contact The top Cp(25%) and Cp(0.23) contacts yvielded the best results.
undiagnosed. Despite being one of the most treatable mental disorders. subsets for each participant P are: e
r . Numiber of € Contacts
it is the leading canse of disability in adults [1.2] e Top 1 contact o =
pr e Top Cp(a) = a contacts for a € {2.3,4} cozm)

e Top Cp(r) = r(n) contacts for r £ {23%, 50%, 75% }

S w P
Lif ts 2 wmaz(T)) oocts for w € {0.75,0.5,0.25}
0 ot herwise £
where ¢; is the ith contact’s number of texts and T is the set of the number of texts for P.
e All contacts

o Top Cplw) =31 (F) for F, =

(PP o u
ion rates in 2013 [3].

Opportunity: screen for depression with Smartphone data

0

40 £ []
umbEr of Contacts

Diagnosed depres

The quantity and quality of social interactions are known predictors of health [6]. For each subset of
contacts for each participant, we generate: Feature

p-value [Impact
(V1)[p = 0,001 Decreases Depression Score

Comparative Adverbs
Possessive Endings (%) |p = 0.018|Increases Depression Score

e Polarity features: percent positive, percent negative, average positivity, average negativity

A team at WPI collected two weeks of ¢ harvested

Smartphone data [4]. There are text messages and Patient Health

retrospective

e Subjective features: percent subjective, average subjectivity

o Part of speech (POS) features: percent of POS tag for all 36 tags Statistically Significant Features

o . e
Questionnaire-9 (PHQ-9) scores for 314 participants. _U'v PHOY = a e Volume features: number of contacts, number of texts, average number of POS tags/text R + et Coprman
tool used to screen, diagnose, and monitor depression [1]. ama
£ .

PHQ-9 Score [Interim Diagnosis | R dation 5

0—4 Not Depressed o .

5—0 Minimally Symptomatic| Wateh §777] o

10— 14 Mild Dhepression Treatment We predict depression using a binary PHQ-9 score of eutoff 10 with 5-fold cross-validation H

15 — 19 Moderate Depression Treatment .

20+ Severe Depression Treatment Gaussian Naive Bayes - -

64 0o GoM nmD a5l il

== - 10m o
Distration of PHE-8 S0 T ' T Compeentive Adverts (%1
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]
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D45 - 8 . - y . . .
AL R 1 t Id | ful lality, particularity
: eceived communications could be a useful modality, particularity
o when combined with other modalities.
] B LR L :: I I : '
[ t 35 =7 NS S G SR T om o
Humier of Contacts A2, Focusing on a subset of contacts is a promising approach that

(31: Are received texts a useable modality to predict PHO-9 scores?
Q2: Are features generated from a subset of contacts better than
features from all contacts?

Features from the top Cp(25%) or Cp(0.25) contacts improved the F1 score by 13.2 percent to 0.653. could be deployed in any study leveraging received communications.
\[his F1 score increase of 0

= statistically significant.
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Predicting Mental Health from Smartphone Text Messages
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Depression, a prevalent and debilitating mental illness, is frequently The number of total contacts n for each participant P are between 1 and 420 contacts. The contact The top Cp(25%) and Cp(0.23) contacts yvielded the best results.
undiagnosed. Despite being one of the most treatable mental disorders. subsets for each participant P are: e
. . ) e . - Numiber of € Contacts
it is the leading canse of disability in adults [1.2] e Top 1 contact 250 - s
e Top Cp(a) = a contacts for a € {2.3,4} cozm)

e Top Cp(r) = r(n) contacts for r £ {23%, 50%, 75% }

. = " ; (] - N alm.
o Top Cplw) = Y0, (F,) for F; = [l]:j;”j:_‘s'r"‘“"“' contacts for w € {0.75,0.5, 0.25} gﬂ
where ¢; is the ith contact’s number of texts and T is the set of the number of texts for P. = =
Self Critiques
v o S o L3 L 0

umbEr of Contacts

Diagnosed depression rates in 2013 [3].
Opportunity: screen for depression with Smartphone data _ PY N Ot C I e a r Q 1 a n d

The quantity and quality of social interactions are known predictors of health [6]. For each subset of

contacts for each participant, we generate: Teature p-value |Impact ! C O r re S O n d to
Comparative Adverbs (%)|p = 0.001[Decreases Depression Score

e Polarity features: percent positive, percent negative, average positivity, average negativity

. - Possessive Endings (%) |p = 0.018|Increases Depression Score
. ) ; -ekes etros el harveste S g P 5505 g | /) 013 S ssion
A team at WPL t(.J]l(‘. T.\tl two weeks of retrospective : harvested ® Subjective features: percent subjective, average subjectivity n
Smartphone data [4]. There are text messages and Patient Health a

o Part of speech (POS) features: percent of POS tag for all 36 tags Statistically Significant Features

- aire-9 (PHQ-9) scores for ; articipants - PHOQY is . . . . R ; o e
Questionnaire-9 (1 HL_E 4] scores for 3'_4 partic ]]]‘m_t" _1 he PHO- s a e Volume features: number of contacts, number of texts. average number of POS tags /text . + et Crmed
tool used to screen, diagnose, and monitor depression [1]. ama
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The 10 Most Important Features in Predicting Depression

WPI

Depression, a prevalent and debilitating mental illness, is frequently
undiagnosed. Despite being one of the most treatable mental disorders,
it is the leading cause of disability in adults [1.2].

Opportunity: screen for depression with Smartphone data.
& Smartphone data is unobtrusive to collect

o This s
# Retrospectively harvested data is biased

A team at WP collected two weeks of retrospectively harvested
Smartphone data, resulting in the Moodable dataset [3]. There are
two weeks of sent text messages and Patient Health Questionnaire-9
(PHQ-9) scores for 146 participants. The PHO-9 is a tool used to
sereen, diagnose, and monitor depression [1].

ategy doesn’t require individuals to seek help

PH(O-9 Score|Interim Di; i Recc fati
0—4 Mot Depressed

5—10 Minimally Symptomatic

10— 1 Mild Depression

15-19 Moderate Depression

20+ Severe Depression

Distribution of PHGO-8 Scands

P e

1) Exploring the potential of retrospectively harvested text messages
in predicting depression, and

2} Identifving the features from sent text messages that are most
influential when predicting depression.
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Past Content to Predict Depression. In

from Content of

etrospectively Harvested Text

) Data Science .
Worcester Polytechnic Institute

For the text messages from each participant, we generate 210 features.
e Part of speech (POS) features: percent of POS tag for all 36 present tags.
o Word category features: frequency of nse of words in 174 lexical categories [4].

We predict depression using a binary PHQ-9 score of eutoff 10 with S-fold cross-validation. Gaussian

Naive Bayes classifiers achieved the highest F1 scores. The top features were selected as those with
the highest chi-squared statistic in comparison to the PHO-9 score.

F1 Scores for Models with Sent Texts
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The average F1 score for models with 10 features is (.721, which is statisticallv
than the F1 score of models with fewer features.
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The average F1 score of models built with the top 10 features is
higher than the models built with all features.

F1 Comparison
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there are 107 words in the rage category, the three par

‘Its funny when shes angry™

‘Angry with vou as well”

‘But i should be angry because she tricked me [angry emoticon]”
« “She s angry today”
« “dnt make me angry

& __He angry and depressed because ... 1 would be furious”

This is a prelimina;

such as received text messages [5] and tweets [6]. Our future work in-
volves integrating these text features with other Smartphone modalities.
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A higher frequency of rage words is indicative of depression. While
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study in analyzing the depression prediction
ahility of retrospectively harvested sent text messages. Using a compu-
tationally inexpensive method. we were able to achieve an F1 score of
0.721 and identifv the top 10 most influential features. This research
methodology can be deployed in any study containing communications.
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Depression, a prevalent and debilitating mental illness, is frequently For the text messages from each participant, we generate 210 features. The average F1 score of models built with the top 10 features is 0.216

undiagnosed. Despite being one of the most treatable mental disorders, e Part of speech (POS) features: percent of POS tag for all 36 present tags. higher than the models built with all features.

it is the leading cause of disability in adults [1.2]. o Word category features: frequency of nse of words in 174 lexical categories [4]. e )
e omparison

ity o] . ATPSS] B AT 2 f - . n E n hd - -
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2 o » e a — 3 \ g . . N 1 :
 Smartphone data ]"‘_"“U]’“""‘]“ to collect Naive Bayes classifiers achieved the highest F1 scores. The top features were selected as those with ! L ‘ I I I q | I ‘ ;
 This strategy doesn’t require individuals to seek help the highest chi-squared statistic in comparison to the PHO-9 score. T
i

# Retrospectively harvested data is biased
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(PHQ-9) scores for 146 participants. The PHO-9 is a tool used to 0630 1 =7
sereen, diagnose, and monitor depression [1]. bacl |

— . . .
Re0o A higher frequency of rage words is indicative of depression. While
5 & 7 B g 10 1n 1z 13 14 15 - .
PHQ-0 Score|Interim Di = TReco Ao Number of Features there are 107 words in the rage category, the three participants with the I I l O S I I I I p O r a I l
T
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Screening with Text Messages
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Moodable*/EMU data: retrospectively-harvested
crowd-sourced Smartphone & social media data.
PHQ-9 was deployed to obtain a depression label.
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Generating Text Messages

Goal: create a corpus of public texts from PHQ-9 labeled participants.

Generative Adversarial Networks (GANs) generate realistic data by
using a generator and a discriminator engaged in a minimax game.
GANs must be modified to generate sequences of discrete tokens® as
1. words are not differentiable leading to no policy updates and

2. sequences are only scored when complete so rewards are sparse.

Evolution of Text Generation Models

We deploy SeqGAN to determine the impact of text quantity on
generation quality measured by negative log-likelihood (NLL). SeqGAN
1. trains a stochastic parameterized policy with a policy gradient and

2. estimates rewards using a Monte Carlo search with a roll-out policy.

Training SeqGAN Models

dak F1 6451 teats
1 P2 4141 texts
: P3. 1963 texts

SeqGAN can still be
effective when trained
on around 2000 texts,
though most of the
participants have under
200 texts. We only need
20 epochs to train.

o8t
EI
¥
Sost

oar

a3

1 & 1 16 n - -
Epochs

Generated Text Message Examples

sure how much how awesome! = let me know when you see Monday

aww they’ll be like soon = sure sound fine so = ok. i can come tonight
actually kids were on this way home = should to make the toll on lol

Future Work in Generating Texts

* Compare the screening ability of real texts with texts generated
by GANSs built on texts from single and multiple participants.

* Further anonymize generated texts by replacing named entities.

* Evaluate the appropriateness of popular metrics for this task.
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Research Questions

Given logs, is it best to screen for depression with:
Text logs or call logs?
Incoming, outgoing, or all communications?
Communication count, average length, or contacts?
Aggregation intervals of 4, 6, 12 or 24 hours?
Time series or features from time series?

Two weeks of logs from the Moodable' and EMU?
datasets labeled with PHQ-9 depression screening
scores®. If PHQ-9 2 10, screen positive for depression.

PHQ-9 Distribution

Call Participants
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negative
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positive

m

=

=
Screened
negative
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0

"1IF
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The 312 participants shared different types of logs:

All

Text logs 245
Call logs 212
References

Incoming | Outgoing

290 99
182 197

1. Dogrucu, et al. "Moodable: on feasibility of instantaneous depression assessment using
machine learning on voice samples with retrospectively harvested smartphone and social
media data." Smart Health (17), 2020
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of Text Logs and Call Logs
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Creating the Time Series

log time series for a single participant:

] 4-hour aggregation

U Dl Dayly Dwls

12-hour aggregation

We create 72 sets of time series from the
logs using the communication count,
average length of communications, and
number of contacts. We aggregate these
values every 4, 6, 12, & 24 hours. All text

L fl {| | t E
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Creating the Time Series Machine Learning Pipeline

Research Questions

We create 72 sets of time series from the
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3. Communication count, average length, or contacts? number of contacts. We aggregate these
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Poster Tips

All Posters

Know your audience

Minimize words

— Text big enough to read

— Readable text/background colors
— Consistent accessible font

Maximize visualizations/tables
— High quality images

Make reading order clear
Have an elevator pitch ready

Printed Posters for In-Person

Use a column-based format

Put while panels over colorful
background to reduce ink

Include a small white border in
case printing misalignment

Have notebook to write
suggestions and/or contact info
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