mferential Sty ..
1Cs

/—
what You Should Know!
The purpose of inferential statig¢:
make inferences or predictsigeglstlcs 1S to acquire |
used largely depends on the v arsi abbollt the data eT}? Owledge that can b
After completing this ch ables’ levels of " “H€ type of inferent; ey
apter, the reader sh Tde asurement With-e“t:‘l statistic
i ould be able ¢ In the analysis
0: o

r, and provide examples
3. Explain what is meant by statistical sion:
oF sipniticamics ure ugsd] ical significance, and .
4. Describe th o anddescribe how tess
\ Desc e cqmmonly used comparative statisti
ime r tes, pEime-specifle rais statistics techniques, includs
5. Discuss bivariat i > percentage change, and : -
s | e analy51s and provide exampl ,and trend analyses.
. Discuss multivari isti e |
e riate statistics, and provide an example of L
o qb e for nominal- and ordinal-level data Hmulivariate
. Describe t ' A :
e the various multivariate techniques for ratio-level data

Statistical Analysis

;It}i’:el’::’équ? ChapFer discus§ed the thr'ee.t
Varie;y iy (;n er?nFlal. DC.SC%'lpthC statistic
of cenrn] tesccll'lptlve statistics were present
 compar ellll ency and variability. Comp
Statistics ¢ the atFrlbutes of two variables,

are within a “gray qrea” that move

ypes of statistics: descriptive, compar-
s describe the data being analyzed. A
ed in Chapter 11, including measures
Jtistics, whose function is
duced. Comparative
o inference. As

arative st
were also ntro
¢ from description t



180

.| Statistics +her descriptive or mfere“tial
Chapter 12 Inferentid ]assiﬁed as elt
fren €
. often . ter 11. The py,
rative statistics are ory. ed on 11 ,Chapor predictiong E()SQ
such, compa arate cate8e, fly touc imations; Aboy,
rather than as a seP=. ere bri€ nces, €St jics may be used tq beg;
Inferential statistics ‘;") nake infere jve statist iew of inferentia) 5, 8In
. . atics 18 T ,,Umvpa 4 OverVI . at]y
inferential statistic how ¢ ides an i of i -
31213261:1( This chapter Showsdgta and provldzrchers use a yarler basncflerem]a‘
Kir o inological ¥ _ntial technique 1s °¢ on y ¢
i nferen levels of measuremen

o inferences abou
making inferences out i
tics. Criminal justice apd  the proper i iables’
techniques. The selection O e ling the var

Ie: acteristics of the data, In¢
charac ///’__\
istics —
a] stat inferences (predlct.nons) ah“ut
, then these predictiong Mmay

Overview of Inferenti e develop
Inferential statistics allow the researc (Chapter 5 ) ey 1S my,
nferen ve he data were drawn. Inferentiy] Sta.

hich the hers to conduct research

' ti
the data. If the sample 1slrepf Csfigz o
tion ] . ]. esearc
be extended to the popu a 5 logical r ; .
tistics allow criminal justice and1 cr.lmm;av itﬁin socicty. When mak(ling ok erence,
' S iati termj
ed to population ciation to de ne th
d;,at Caél . gfnerr:shezfcherlg rely on messures Olf assr(l)ships between or amone
about datasets, ) f the relatio g
irection (i ot the .
strength and direction (if apphcablf) used to determine whether the samp|.
variables. Tests of significance are a th ula‘tion from which it was drawn'
that was examined is representative of the popu. |

gth of relationshipg
g studied. The

ysis being
r analysis.

Measures of Association |
Measures of association are used to determine the stren

and direction (if appropriate) among the variables that are bein
pendent on the type of anal

measure of association that is used is de
conducted, the distribution of the data, and the level of data unde
n criminal justice and criminologica|

research, but some measures are more ‘
to be standards, such as lambda, gamma, and Pearson’s r and r Lambda
-level data. Gamma i commonly used for
I- and

3;2;%?“)30218 81:) Iamk?da Will range from @ (no relationship) to !
p). 001 indicates 4 very weak relationship. A 0.9999

relationship.
_( a perfect rely




i,s a '1ﬂd}CzF0r of a relativ
" do pot indicate direct; ely g
tl()n, the | roﬂg rel

2 ples
W’ﬂﬁ@. irchefs have to assess the
. - L Cr¢
A' | ermlﬂe the str 08§~ _
an lﬁ)w et ‘ lvlevel dat UcCture f o ti\hll\;m(, S0y ( s Nce .
b ina a, Measyre € relyy n (alg, RIETA Nal-level
' S of SS ONshy Yy Nowyy g.'"(‘ d"“(tum
" ‘ FCONtingen !
¥

[ of or
F ¢ both the strength and the g Ocian
; : e ;
.453' ss,tabulatlon and will "‘dngﬁlf ) Vtu)n’ Such
2y r()‘ ‘o .

of faarionsh‘_f’; anegative one (—1) g )
a0 ri.able increases, the other ' lt.]dmath Vo 41 1T PR S

v Va"lab\ S a perfCQ . rerey (o S hased

dle dee t ﬂ(‘ganv(‘ r(l‘ )) H\(,h(;n(.\

Nationghy, '

P fas

one a perfect positive relat
'ﬂd"mt ~ ’ es). A relatl()nshi CCreases),
I : le 111(:1’635 . A score of -0 879 p (as Sl and 4 Posit
var sa score of +0.2358 indi 0in ic . SIve one + -,
. ICates Sa Str()ng e *ases, the ‘lf\'\f';
14 sNegative re -
tive re| relationsh
atl()ngh" P
p.

Ay,
ha el the re

for 2 ’
¢ Pearson’s rr -
or P ange from —1,00 to ielt(r)eated i dhaiti
00 n atio-level data.
nd are interpreted the i:wi:

s for gamma. Pearson’s 1 is
Lumber by itself) and indicates 5 determined by squar
yariable by the independ € percent of varian aring (multiplying
] relationship. In ad ditione?t vﬁrlable, A higher g:rexp\amed in the
: 1atl P . O the str i centage indicat
tiOﬂShlp ’ statistical significance is also of impoegtgth and direction of the&re\e:
ance, o
statistical Significance
The presence of statistical significance indicates that th
represeﬂtatlve of the pOpulation being studied. If a restee Simp\e ﬁf‘diﬂgs -
lete enumeration (the entire population is studied ratig t;r is using 2 com-
1 @ @ an St a SJ
from that populatlon), then determining statistical significance .‘\Sl‘smz sample
1 < ecessary
because 1t 15 already known‘ that the population is accurately reprcsemed
However, complete enumerations are rare because studying entire populations

- 100 costly and time consuming.
Satistical significance is based o

trying to determine a nomothetic exp

Itis this use of probability that enables rese

on relatively few observations. Generally, s
£0.05 or bettet, W

a statistical significance O
confident that the findings from the sample represent th

ng and is used when
omenon (Chaprer 6.
ke inferences based

archers requure
93%

n probability sampli
lanation for a phen
archers to ma
ocial science rese
hich indicates that they are
¢ population, 0 state

that a result is statistically significant.

Comparative Statistics — ’Jﬁchc:@ e
~able toO crimingd jus )
a\labk ¢ eafeSs Pcrccnmgc change,

ques arc av
hﬂlqu r \ PeCth \

S .
everal comparative tec
e crime rates,

Briefly discussed here ar




Arizona

stics

' t tistics are wide|
182 Chapter 12 Inferential 5t e sta

hv ,
m of comPart basis for the FBDs Up;¢
These 7% ple;d ovide the
and trend analyses. o justice a

farl!
within the field of crim ’
Crime Reports (Chapter 1

ata within crj,,..
ently Presented d umber of "Ming)
Crime Rates s the most frequd At simply the r;) nber of Crime,
Crime ,-art;s e Pg;?sgjca] research and &2 divided by the POpulay;
justic d crimi
justice and cri

. v. state) |
i rea (€.g, €1ty C?u]t:ltz, by 100,000. The purpose «f Cal.
that occurred mdarll’ an typicaﬂ)’ multiplied b
for that area and the

1 Of the lrn |
| ' S 1 W O OCC

‘ for index
) Crime rates Crim,.
ith different POPUIaﬂOrl Slzes'-ble rape, I obbery, aggravat;}
between places wit le ligent homicide, forclll . aindl arsons) ate comme.
{i.e., ;nubrderl :;’;d I;’(‘)’F; gehicle theft, Iarcg;lyl;;e 61 2>_ 1 provides an examp)|, va
assault, burglary, ma ' eports. Ta .
displayed in the Uniform Cr1'nt1ge :;eprates presented in that table, the reade,
violent crime rates. By viewin

1 ; even though the
ly compare the rates among the various states g State,
may easiy Cco : ’
have different populations.

Crime-Specific Rates . :
Crime—spfciﬁc rates differ from crime'rat.es in that thei’ use;l : Slfflecli elnt base
than population within the computations. For C'Xampbe, 01 _ 01;) ook gt
motor vehicle thefts by number of registered VCthlCS, urglaries by numj,
of households, or gun-related crimes by number of registered guns. This

method can also be used to calculate victimization rates, arrest rates,

| and
clearance rates.

» o | ‘
Violent Crime Rates P€r 100,000 Population for Select States, 2014

gravated

6,731,484

ult \
California 38,802,500 = 5
Hawaii 1,419,561 » o
gzada 2,839,099 & s 4 148.1
Washs : 26,956,958 4 s o o
wyo};; ngton | 7061530 2.4 . 99 w0 }
s 5 38.2 |
o | | 2.7 20.8 79991 :ig;
4110m “Crime i | .
Time in the Uniteq States, 2014: Violent Crime,”




Chee - Car
ther. Y the o
s 51. W Cre h,“ ar
" ’V 7‘ . . . () () N . ; -
(strates this statistic for thl‘ee‘ijl ‘]mS M time T Mereage
‘ A _ . .
e cetS Of years. Ndex Crimec : * bor decre.
ffefﬁﬁts €S n th Un: moof g

1 Analyses AES for thyee
fret® énal}’ses are yet another

- ay of
Tref™ ay use a visual COmpar;
Researchef§ may Iy repreSentati()n)S fh ing dlffercnccs Over ¢
pave INCreasea tor a particulay ¢ A a histq Lo
[ates Otfense, Trepg Bram, 1o show how

r3 SseSSing the impact of crime pre
in ;‘ablﬁ 12-2, which shows the ny
10 1 this table, one can determi

: ' analyseg .
Il‘lfle)ntlon strateg' YSes are qU'tﬁ\ usety)
er of specific oy, g
e What Stll?eecglc Crimes fr()m 1998 v, 20y ;..
. . n S . ) -~ s
ring the reported time frame. may have existed for these

s
crifﬂes du

fic Crimes in the United States by Volume, Rate Per 100,000, and

 sped
:E:cent Changes, 1998-2007

\ FOTC’fb‘e . - | Aggravated |
| rape | Robbery | Robbery |assault . Aggravated
| me |tate | volume |rate volume | assaultrate
1o, _ 6583 | 3e3
| 34.5 447786 105.4 97 : -
f 210296999 89,41 32.8 409371 | 1501 ERLast 3‘14'\
f] 1999 272,691,000 9:48 , 408,016 145 gn,706 | w:-‘;
" 2000 281,421,906 | 90,17 3318 g | 1485 org | I
| 0,491 ' , 891,407 Sk
i 2001 284’796,887 995 235 331 420806 1462.15 0030 | ¥
| 287,973,924 ’ 2 142 I RN
w | ssorssore | o388 | 3| SNDl e | s O
2004 293, 5 ’ 5 4 8 417,43 SbOSH% i; -:1 N
61 94,341 31 403 ‘\49-’4r o | O3
2005 296,507,0 AT, , 855,85
2006 ” 98,484 92,757 31 15125 1470 )
93,355 0,427 30 for 2 S,zu'u\‘\o,\"““'\ _ -3
2007 301,621,157 | 99 ooinhabitants @I e .
Percent change in volume and rate per 1o +3‘.6 MO&Z NS
2.
| 2007/2006 25 08
| 2074998 29
— | _




R T i“’z;%“;_‘m;

184

ntial Satistics

redictions about the 4 -

Chapter 12 Infere
: orp . )
ations, ©= L . e in explaini A,
ustic plalning they,

statistics - estim
. infereN®® _ istics, tO ‘ tisti
| statistics make f rentlal statisteos ns are left for statistics “Ourg,
nature of 1€ 15ive - s
ixtel .
1. E J statis

Inferentiaf
Because of the &’
requires a rcxt.of its 0 ¥ electe
but brief descriptions ©
| | ip between two varj
o ‘ | ationship riab),
Bivariate Analygfsthe examination he éilt how a dependent v, riab;'
Bivariate analysis 1% attempting o commonly used biyg, ©

Ily this analysis involves . .ble. The more . Mt
Usually t . dependent variable: 2P 0 o ple linear) regregq;,

s influenced by o pnCY tables and blvaglla ddresses the strength o )}?.
techniques are continge o variables addr the
- i between tWO 7 . T if ble), and the
Alsse.ssmi.thet;da;;;);st?éi of the relationship (if applicable), leve]

reitationsnip, € ’
significance. L -
tions)

i bles (or Cross-Tabula - .
antmge‘ncy Ta (, I-level data, two popular statistical techmques are
With nominal- and ordinal-leve s ¢ hich is a co
contingency tables (cross-tabulations) and chi-square, wilch I mmon sty

g ncy table is a set of interrelated cells
bles. Each cell can display 5

tistic for a contingency table. A contingen _
that displays the relationship between two variabics. -
frequencies or percentages. From the.

variety of data (Table 12-3), such as ‘ : .
data, a chi-square (x°) statistic can be calculated. Chi-square is one test (
statistical significance that is popular because it can be used with data at 45,

level of measurement. The contingency tables (cross-tabulations) and chi-square
e statistical relationship from which one migh;

measure offer an analysis of th
make an inference. |

var mple linear regression.,;

r . . v ' j
principle that over time thmgs tend to regress toward the me;n For example
, flemsle students enrolled at a school. one

above average to well below average

height for women. Assum:
- ASSuming a norma population, most of the heights would

ten
%l_tsa?uts o around the mean (average) heighy
1ate regression is 3 ' o )
ppropriate'to examine t
Ine the relat; ‘
2 tonship between two

variables whep using ratio-| '
(Chapt o-level data with data thar ace .
vatiable (Y). Conyergel c-e?endent'varia‘bl‘e (X) increageg, « e have a lincar relr
Y1t a negative relationship, existes’_ 50 does the dependent
S (€.g.,a crime prevention

Strategy) , the
- €nas X (the St .
I8 expected ¢ decreage. fategy used) Increases, Y (the Specif 0

: | | €CIfic crime targete




pxtremnely
~ satisfied

Column
Ttal

Parson;s

| likelihood Ratio
Linear-by-Linear
Association

Phi

- Cramer'sv
 Contingency
N&fﬁdem

ofContingenc /C
n/Degree ¥iiross

| Minimum Expected Frequen
| Cells with Expected Frequency <5

N

5.53040
61069

cy——.023
-13 Of 1

Value
34524
19933
32634

c12525

6 (813%)
ASE?

1.0
25.0%
91%
2.3%
1
25.6%
Significance
82326
78584
43453

Val/ASEO

93%

43

100% \\

sigmﬁcance
823260
82320
82320



dia

186

. 1 Geatistics -
Chapter 12 Inferential Stat! — } 3
____/ jonship between thr,.
sis relation ! _ or
Multivariate Anal amination of .the to determin€ h(?W a dcpcndcm )
is the ex e attemptm%ent Variable.T_hls mcthodol<,gy
ny indepen it is possible to study the

/"’/ﬂ '''''' —

analysisg ore commonly used muli
at one time: Zrkl)z]l;’;is of variance (AN()\//\)’
corre]z}tlogé Leon-Guerrero, 2008; Gaviy,
hmias Britt 2007). Again, th? PUrpo.
ures i)ut rather to provide a ¢

| juStiCe and Crlml.n()]()gjca]

his strategy.

Multivariate analysis e
more variables. Usually th e
variable is influenced by m(b'variate
offers more insights than | \l/ariables
relationships among sevgrSdent cest,
tivariate techniques are :ankforb Na}j

and multiple regression :

2008; Walker & Maddan, 2?1(1)91,1 B these measure

here is not to teach how to comp b nsed in crm.ilna’ :
istician if using

overview of how these tools might

3 . tati
research and what to discuss with a s
s” means for a particular variable 5, 4

fairly complex process that contrag;,
The differences among the mean; of
dicates whether the relatlonghip

Student t Test .
The Student ¢ test is used to compare group

i i isa
hypothesis testing. Computing Student tmes
expected outcomes with observed outcomes.

the variables are then assessedl.1 The S'glizrét g SH;een in Table 12-4, the differen.

) . ot . i
between the groups is statistically signi |
between the ileafs are obvious. The ¢-values do not mean :illnytihlnni%1 ;tl ;}C]és point,
but indicate the values-used by the computer to calculate the sig .

Correlation ' .
Correlation is a commonly used technique for evaluating rat19—1€V§:l data. The
gression explained how relationships betyeer,

previous discussion of bivariate re ! ' _ |
two variables are examined based on the assumption of a linear relationship. I
covariation. Covariation simply

correlation, relationships are assessed based on
means that as changes occur in one variable, X, there will also be changes in
ased on how the variation in one

another variable, Y, Assessing correlations is b
variable corresponds to variation in the other variable,

The means of assessing the correlation

which is used to dete

dividing the covarian
of X and Y. The statistica] software package

terest here is the strength, direction (recall on
~land +1), and Jeye of significance. Table 12-

correlations jp analyzing ratio-level datq

Analysis of Variance

ANOVA js 5 .

Pearson. tgilti]tz means of Xamining ratjo-Jeye data. Where corre
mine the natyre of relationships among variables. ANOVA
b




. V . s
variables at once. This popular tec

atabls (Keith, 2005). Resea

MU LTty AR l

A
TE AN 187

15 t for Student’s Per .
by Time C€Ptions of Polic
Cin
9 compaﬁson ofs

s or Help

Haras
Reaction

Unknown
P,Ofessionalism
Help society

of Doubt

genefit

l;p»(-c 5 3 f h
o and 2 represent the distribution of t ionn
h € questio aire. t1 was at the begir T m n h
e Eg:i ing of th
€ semester, and t2 was
L the

the semesteT.
, . .4 from Dantzker, M. L i
Source.Modlﬁed , M. L, & Ali-Jackson, N. (
, , »N.(1998). Examini
ract of completin a police-related AL ’
Effe;'tcafions ?or Cri%nina’llustice StatC::TSe. 'n M. L. Dantzker, A.. Lun’gigo SI\t/\u:iesnts perceptions of policing and the
AP ics (pp.195-210). Boston, MA: But"(er\./vg :QH’& Ve Sione (60 Aractica
: Tth-Heinemann. Copyri :
.Copyright Elsevier 19g8.

end Of

s something kno -
uses S This tfchni zfel Eslan F ratio to compare the means of th
: L re
que helps avoid committing errors that might ocecor mgfe
ur wnen

(Frankfort-Nachmias & Leon-Guerrero, 2008). ANOVA
y of

groups.
using multiple # tests
Jllows statisticians to determine significance by assessing the variabilit

1

s. Therefore, it is a useful method for evaluating grouped data (e.g

group mean
f correctional treatments on inmate groups). Table 12-6 is an

the outcomes O
example of ANOVA findings.

Multiple Regression
Multiple regression, which 1s also known as ordinary least squares, is another
means of analyzing ratio-level data. It is based on the same assumptions as bivar-

ate regression. However, instead of assessing the relationship between only two

variables, multiple regression usually examines the associations between several
hnique enables researchers to look not only at
fow the independent variables predict the outcome of the dependent variable, \?ut
he independent variables. Multiple regression
among the independent

also G

at the relationships among t ‘
ing variance

ssion to see how the

s b o { L3 '
Boes beyond bivariate analysis by also assess! .
rchers can us¢ multiple regre




ofe

pearson’s '
sig. (2-tailed) 435
N 346
Incomp 000
pearson’s T .
N
otto 1.000
Pearson’s T
N
Corrupt 349
Pearson’s T .000
ig. (2-tailed
:’Irg ( ) 434
College Years }
Pearson’s r 0% :
Sig. (2-tailed) 086
" © 410

437

308
.000

438

349
.000

434

1.000

438

-106
.032
412

© Jones & Bartlett Learning.

variables interact, and then they can use this knowledge
dent variables or to removye irrelevant independent var

m the regression equation.

fegression results is shown in Table 12-7

to add relevant indepen.
1ables (variables thar d
An example of mulpk

~145
003
413

054
277
414

—.08g
.086
410
—106
.032

412

1.000

414




‘.Oﬂal Acad 1.7500 0O ¥ A
e 14935 32500 L |
CoRRUPT 4 . |
rngfield 7<8 s 76 ‘ o |
. e
gegwnal RS B .9231 278125 \‘& ’ i
DRUGS 33«60()0 \ ‘l
rmgﬁe]d Acad 0625 : | |
: 2d 14790 \ 04 !
gegional Aca 4500 . 1028126 | )
l;)(pgcTATIONS ‘ 3 79.9000 | \
SpﬁﬂgﬁEId ACad 1702 ! 2036 154
MA Regional Acad —-.2500 10801 66.6383
HELP SOCIETY 45.5000 i . |
gpn'ngﬁeld Acad 1.3750 7889 2.89 ';‘
MA Regional Acad 1.4000 8413 29.2500
i : 9 6 !
JGNORE 76000 1 02
springfield 1.3958 8a40 : .
MA Regional Acad ~1.6500 e 3.4792 |
: 151000 3 250 ,:
/—_—— , i

'p-01
o Jones & Bartlett Learning.

Multiple Regression: Regressions of County Population Against Crime and
Arrests in Montgomery County, 1970-1990

ho | b R2 ¢ ‘\ SigF

Part | Crimes 18107 | 383 50 87 | 00

Part Il Crimes 3,029.4 56.4 28 Zi \ ‘:: .

Total Crimes 48401 | 94] 50 o
p 2.6 A0 no LI \

art | Arrests 31775 6 | o |
Part Il Arrests ng | M) e | o \
Total Arrests 146 | ——

T —— - onal systems.

- ) jocal coned
ession analys v A putterworth
(1998).‘369!(‘35\0! 1 Bosto A Bu

SQUTCQ-M ,
:Modif . il
ed from Guynes, R., & McEwen, T e sic cratistics

in |
D:: tzker, M. L, et al. Practical Application for Crim
Mann. Copyright Elsevier 1998.



ia] Statistics ltivari
.+e multivariate
omplete mu re
R pdent variables. M lg -6
Uitip]e

Chapter 12 Inferent
. n be used
isti o . depen
d logistic re8ress™ - Jinal-level €€t :
. 1. or ordl . e ariabl :
th nominal ‘:; variable 183 ratio level Zna ‘ aeawhlch N
he depenc? distributions will be normat an that the
dat':lj S dent variables will be i,

e P L1 : i
dent variable 15 2 nom_mal or Ofdlnal-]eVei
both logistic and probit results are ass Py

arametric techniques thas
t

(Keith,
g data with d‘StribUtions

190

Probit an
sion for analyses Wi
regression assumes t
not always the case; that the
relationship between the indepen
which is not the case i the dgpeﬂ
variable. Like multiple regression; D¢
using r’ as the measure of association
gression, as well as chi-square, aré e‘xamp
have been designed to address the issue O
that are not normal.

Discriminate analysis 1
priate when the analysis cons

es of nonp
f analyzin
ue of some authors. It is app.
ists of ratio-level independent variables ang )
nominal-level dependent variable. A discriminate analysis focuses on being able
to classify observations into the nominal categories of the dependent varia},
based on their values on a set of independent variables. Factor analysis 5|
categorizes data. It is used to determine patterns among the variation of va|.
of the variables being studied. Variables that are highly correlated are ¢|, )
tered together based on computer-generated factors (Keith, 2005). This is -
extremely complex procedure that must later be interpreted by th .
to determi < (the > y the research
' ermine whether the factor loadings (the outcomes) have logi .
ing. Finally, path analysis seeks to provide a graphic depicti ogical mean.
graphic depiction of the caygy]

relationshi . ‘ V '
pSs among the mdependent arlables to explain their inﬂue
' o NCes 0
YSIS, iti1s a Complex pfOCCdUI (@ |l]at iS

s a favorite techniq

ghe dependent variable. Like factor anal
est left to statisticians.

y
T 1 p p '
l ! .[ ; M ‘

aid the reader i

n under ' 1

(which to provideS iifécli(lgg relszamh and pr eparing their T
which is provided ; ' knowledge need : own. The authors
;) z‘?asP the principles init;i:flcj textbooks and coursesc)lellzth data interpretation

0 . s |
ern research js that cd In CondUCtlng‘i'nfe >/ but one should be able
i researchers do not req)| rential statistics, The reality of
y need t ' o

0 be EXpert statisticians.




