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BackgroundBackground

The calculation of Disability-Free Life 
Expectancy (DFLE) by the Sullivan method 
makes use of information regarding the makes use of information regarding the 
prevalence (proportion ) of a condition. 

Here we propose to improve probability 
estimates of conditions characterized by their 
repeated nature, like stroke or falls by using 
incidence data. 



MethodsMethods

The repeated nature of falls provides an 
opportunity to describe a wide spectrum of 
statistical analysis techniques used for statistical analysis techniques used for 
repeated risk modeling. 

The selection of the appropriate model will 
depend on the research question, the study 
design and the type of the dependent variable.



MethodsMethods

The repeated nature of falls provides an opportunity 
to describe a wide spectrum of statistical analysis 
techniques used for repeated risk modeling. The 
selection of the appropriate model will depend on the selection of the appropriate model will depend on the 
research question, the study design and the type of 
the dependent variable, which can be either 
dichotomous (faller versus non faller), ordinal (non 
faller, one time and recurrent faller), continuous 
(number of falls over the study period) or time 
dependant (date and time of each fall) and will guide 
the choice of the corresponding regression model: 
logistic, ordered logistic, Poisson or negative 





Frequency
Outcomes

Association

Epidemiological Measures 

Association
Strength of the relationship « Risk factor –
Outcome »

Impact
Factor contribution to an outcome frequency 



Prevalence (P)
Number  of individual  with a condition during a 
time period or at a given time, in a defined 

Frequency measures

time period or at a given time, in a defined 
population.

Incidence (I)
Number of new cases with a condition



Frequency measures

Incidence (I)

Prevalence (P)

P ≈  I  * D       
D : average duration of the 
condition



Prevalence / cumulative incidence

Outcome 

Exposure I+ I- Total

E+ A B A+BE+ A B A+B

E - C D C+D

Total A+C B+D N

Prevalence of exposure =  A+B / N
Prevalence of non exposure =  C+D / N
Prevalence /cumulative incidence of + outome= A+C / N



Frequency
Outcomes

Association

Epidemiological Measures 

Association
Strength of risk factor - outcome relationship

Impact
Factor contribution to an outcome frequency 



Risk

Outcome Condition

Exposure I+ I- Total

E+ A B A+BE+ A B A+B

E - C D C+D

Total A+C B+D N

Risk  of I+ among the exposed =  A / A+B
Risk  of I+ among the non-exposed  =  C / C+D



Relative risk (RR)

Outcome Condition

Exposure I+ I- Total

E+ A B A+BE+ A B A+B

E - C D C+D

Total A+C B+D N

Risk  of I+ among the exposed =  A / A+B
Risk  of I+ among the non-exposed  =  C / C+D

RR =                           R (E+) = A / A+B
R (E-) C / C+D



Odds ratio (OR)

Outcome Condition

Exposure I+ I- Total

E+ A B A+BE+ A B A+B

E - C D C+D

Odds A / C B / D N

A
OR = B = A / B = A / C  =  A D

C C / D B / D     C B
D



Incidence rate ratio (IRR)
Hazard ratio (HR)

Issue

Exposure I+ PT TI

E+ A PT1 A/PT1E+ A PT1 A/PT1

E - C PT2 C/PT2

Total A+C PT1+PT2

IRR = Incidence rate E+=  TI1 = A / PT1

Incidence rate E- TI2 C / PT2

PT =  person-time



RR, OR, IRR, HR

Units: none
Range: [ 0 ; +∞]
Interpretation : 

RR, OR, RTI < 1  : Exposure decreases the risk
RR, OR, RTI = 1  : No risk – outcome association 
RR, OR, RTI > 1  : Exposure increases the risk



Frequency
Outcomes

Association

Epidemiological Measures 

Association
Strength of the Factor - Outcome relationship

Impact
Factor contribution to an outcome frequency 



Risk differences  = Attributable risk =  %X-%Y

Number needed to treat(NNT)

Impact

Number needed to treat(NNT)

Number needed-to-harm (NNH)
1 1

attributable risk 



Attributable risk (AR)

Outcome Condition

Exposure I+ I- Total

E+ A B A+BE+ A B A+B

E - C D C+D

Total A+C B+D N

AR =    R (E+)  - R (E-) =       A - C
A+B       C+D





ResultsResults

Results are illustrated with a systematic data 
collection of falls occurring in a 298 beds, acute and 
rehabilitation geriatric teaching hospital. 

Over a 10 y. period 7’795 falls among 13’949 
patients. 

Petitpierre NJ, Trombetti A, Carroll I, Michel JP, Herrm ann FR. The FIM(R) 
instrument to identify patients at risk of falling in geriatric wards: a 10-year 
retrospective study. Age Ageing2010.

(Mouse Mickey. 1927 -…)



Regression models and falls

Dependent Var.  Statistical Unit Regression

Binary Non faller

Faller

Logistic

General linear modelFaller General linear model

Polytomous Non faller
One time faller

Recurrent faller 

Ordered logistic 
regression 

Discrete Niumber of falls Poisson  
Negative Binomiale

Time dependent binary Date of each fall Cox + Andersen-Gill
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Logistic regression
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Logistic regression

xi:logistic nbchuteb sex ageentree

                                                                              

Log likelihood = ----11112222111100003333....555588881111                                                                                            Pseudo R2       =                 0000....0000000066666666
                                                                                                                                                                                                        Prob > chi2     =                 0000....0000000000000000
                                                                                                                                                                                                        LR chi2(2222)      =                 111155559999....99994444
Logistic regression                               Number of obs   =                     22224444777788887777

                                                                              
            ageentree        1111....000022225555555533337777            ....0000000022224444111166666666                11110000....77770000            0000....000000000000                    1111....000022220000888811111111                1111....000033330000222288884444
        sexe        1111....333311112222111100003333            ....0000444455556666888877775555                    7777....88880000            0000....000000000000                    1111....222222225555555544445555                1111....444400004444777777776666
                                                                              
    nbchuteb   Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval]

xi:logistic nbchuteb sex ageentree, cluster(nopatient)

                                                                              
            ageentree        1111....000022225555555533337777            ....0000000022225555999922227777                    9999....99997777            0000....000000000000                    1111....000022220000444466668888                1111....000033330000666633331111
        sexe        1111....333311112222111100003333            ....0000444499996666777700008888                    7777....11118888            0000....000000000000                    1111....222211118888222277774444                1111....444411113333111155559999
                                                                              
    nbchuteb   Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval]
                             Robust
                                                                              
                                                                                                        (Std. Err. adjusted for 11113333999944449999 clusters in nopatient)

Log pseudolikelihood = ----11112222111100003333....555588881111                                                                    Pseudo R2       =                 0000....0000000066666666
                                                                                                                                                                                                        Prob > chi2     =                 0000....0000000000000000
                                                                                                                                                                                                        Wald chi2(2222)    =                 111133335555....88883333
Logistic regression                               Number of obs   =                     22224444777788887777
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Logistic regression

      Total                      22224444,,,,777788887777                        111100000000....00000000
                                                
          1                          4444,,,,888800001111                            11119999....33337777                        111100000000....00000000
          0                      11119999,,,,999988886666                            88880000....66663333                            88880000....66663333
                                                
   nbchuteb        Freq.     Percent        Cum.
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Ordered logistic regression 

( )iikjkj22j1101ij kux...xxkP)iissue(P ≤+β++β+β+β<== −

u Follows a logistic distributionui     Follows a logistic distribution
k Number of outcome
K i Cutpoint



Ordered logistic regression 

Ordered logistic regression                       Number of obs   =                     22224444777788887777

xi:ologit nbchute2 sex ageentree , or cluster(nopatient)

                                                                              
       /cut2              4444....888844448888888833333333            ....2222111166664444999999997777                                                                                        4444....444422224444555500001111                5555....222277773333111166664444
       /cut1              3333....666644442222555566664444            ....2222111155556666222244441111                                                                                        3333....222211119999999944448888                4444....000066665555111177779999
                                                                              
   ageentree              1111....000022225555444466663333            ....0000000022225555666666662222                11110000....00005555            0000....000000000000                    1111....000022220000444444446666                1111....000033330000555500005555
        sexe              1111....333333330000444444441111            ....0000555500004444000033339999                    7777....55554444            0000....000000000000                        1111....22223333555522223333                1111....444433332222999999991111
                                                                              
    nbchute2   Odds Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval]
                             Robust
                                                                              
                          (Std. Err. adjusted for 11113333999944449999 clusters in nopatient)

Log pseudolikelihood = ----11115555222200002222....999900004444                 Pseudo R2       =                 0000....0000000055554444
                                                  Prob > chi2     =                 0000....0000000000000000
                                                  Wald chi2( 2222)    =                 111144441111....11119999
Ordered logistic regression                       Number of obs   =                     22224444777788887777
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Ordered logistic regression 
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      Total                      22224444,,,,777788887777                        111100000000....00000000
                                                
          2                          1111,,,,666677771111                                6666....77774444                        111100000000....00000000
          1                          3333,,,,111133330000                            11112222....66663333                            99993333....22226666
          0                      11119999,,,,999988886666                            88880000....66663333                            88880000....66663333
                                                
   nbchute2        Freq.     Percent        Cum.



General linear model 

glm      chute sexe ageentree, family(bin) link(log)  eform vce(cluster nopatient)

PPPPeeeeaaaarrrrssssoooonnnn                                        ====        22224444777777773333....77771111777733339999                                                                                ((((1111////ddddffff))))    PPPPeeeeaaaarrrrssssoooonnnn        ====        ....9999999999995555888855551111
DDDDeeeevvvviiiiaaaannnncccceeee                                    ====        22224444222200008888....33333333555599994444                                                                                ((((1111////ddddffff))))    DDDDeeeevvvviiiiaaaannnncccceeee    ====        ....9999777766667777777722228888
                                                                                                                                                                                                            SSSSccccaaaalllleeee    ppppaaaarrrraaaammmmeeeetttteeeerrrr    ====                                    1111
OOOOppppttttiiiimmmmiiiizzzzaaaattttiiiioooonnnn                    ::::    MMMMLLLL                                                                                                                        RRRReeeessssiiiidddduuuuaaaallll    ddddffff                    ====                    22224444777788884444
GGGGeeeennnneeeerrrraaaalllliiiizzzzeeeedddd    lllliiiinnnneeeeaaaarrrr    mmmmooooddddeeeellllssss                                                                                                        NNNNoooo....    ooooffff    oooobbbbssss                        ====                    22224444777788887777

                                                                                                                                                                                                                                                                                                                        
            aaaaggggeeeeeeeennnnttttrrrreeeeeeee                    1111....000022220000333311114444            ....0000000022220000555522224444                11110000....00000000            0000....000000000000                            1111....0000111166663333                1111....000022224444333344445555
                                sssseeeexxxxeeee                    1111....222244440000222244448888            ....0000333366668888777744443333                    7777....22224444            0000....000000000000                    1111....111177770000000044442222                1111....333311114444666666668888
                                                                                                                                                                                                                                                                                                                        
                nnnnbbbbcccchhhhuuuutttteeeebbbb            RRRRiiiisssskkkk    RRRRaaaattttiiiioooo            SSSSttttdddd....    EEEErrrrrrrr....                        zzzz                PPPP>>>>||||zzzz||||                    [[[[99995555%%%%    CCCCoooonnnnffff....    IIIInnnntttteeeerrrrvvvvaaaallll]]]]
                                                                                                                    RRRRoooobbbbuuuusssstttt
                                                                                                                                                                                                                                                                                                                        
                                                                                                        ((((SSSSttttdddd....    EEEErrrrrrrr....    aaaaddddjjjjuuuusssstttteeeedddd    ffffoooorrrr    11113333999944449999    cccclllluuuusssstttteeeerrrrssss    iiiinnnn    nnnnooooppppaaaattttiiiieeeennnntttt))))

LLLLoooogggg    ppppsssseeeeuuuuddddoooolllliiiikkkkeeeelllliiiihhhhoooooooodddd    ====    ----11112222111100004444....11116666777799997777                                                                BBBBIIIICCCC                                                    ====            ----222222226666555555558888
                                                                                                                                                                                                            AAAAIIIICCCC                                                    ====        ....9999777766668888999966666666

LLLLiiiinnnnkkkk    ffffuuuunnnnccccttttiiiioooonnnn                ::::    gggg((((uuuu))))    ====    llllnnnn((((uuuu))))                                                                                [[[[LLLLoooogggg]]]]
VVVVaaaarrrriiiiaaaannnncccceeee    ffffuuuunnnnccccttttiiiioooonnnn::::    VVVV((((uuuu))))    ====    uuuu****((((1111----uuuu))))                                                                        [[[[BBBBeeeerrrrnnnnoooouuuulllllllliiii]]]]



General linear model 
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Poisson regression

Model a discrete, positive variable 
• Rare event (N < 100)

• ie: number of falls

• E(Y) = Var(Y) = λ

• λ parameter allows to modify the shape of the 
distribution



Poisson regression
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Poisson regression

xi:poisson nbchute sexe ageentree , irr cluster(nopatient) 
Pseudo R2       =     0.0077

                                                  Wald chi2( 2222)    =                 111111115555....55555555
Poisson regression                                Number of obs   =                     22224444777788887777

                                                                              
   ageentree              1111....000011119999555588884444            ....0000000022226666000044449999                    7777....55559999            0000....000000000000                    1111....000011114444444499992222                1111....000022224444777700003333
        sexe                  1111....44440000555599994444            ....0000555577771111555522226666                    8888....33338888            0000....000000000000                        1111....22229999888822227777                1111....555522222222555544441111
                                                                              
     nbchute          IRR   Std. Err.      z    P>|z|     [95% Conf. Interval]
                             Robust
                                                                              
                          (Std. Err. adjusted for 11113333999944449999 clusters in nopatient)

Log pseudolikelihood = ----22220000333377774444....333311112222                 Prob > chi2     =                 0000....0000000000000000
                                                  Wald chi2( 2222)    =                 111111115555....55555555
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Observed and predicted probabilies

Mean           = .3255739

Falls # Freq

Observed 
Prob. Poisson

Negative 
binomial 

0 19986 0.806 0.722 0.807
1 3130 0.126 0.235 0.119
2 930 0.038 0.038 0.041

Variance      = .8024941

Poisson probability
lambda = .3255739

Negative binomial
With mean = .3255739 &
over dispersion = 3.690428

3 360 0.015 0.004 0.017
4 193 0.008 0.000 0.008
5 97 0.004 0.000 0.004
6 35 0.001 0.000 0.002
7 20 0.001 0.000 0.001
8 11 0.000 0.000 0.000
9 4 0.000 0.000 0.000

10 5 0.000 0.000 0.000
11 5 0.000 0.000 0.000
12 3 0.000 0.000 0.000
13 2 0.000 0.000 0.000
15 3 0.000 0.000 0.000
16 1 0.000 0.000 0.000
20 1 0.000 0.000 0.000
21 1 0.000 0.000 0.000

24787
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• Extension of the Poisson model to correct for 
over dispersion

• Include a noise parameter

Binomial negative regression

iikkiii xxx σεββββλ +++++= ...log 22110



Binomial negative regression

xi:nbreg nbchute sexe ageentree , irr cluster(nopatient)

Log pseudolikelihood = ----11117777444488881111....888844449999                                                                    Prob > chi2     =              0000....0000000000000000
Dispersion           = mmmmeeeeaaaannnn                                                                                            Wald chi2(2222)    =              111111111111....22229999
Negative binomial regression                      Number of obs   =                  22224444777788887777

                                                                              
       alpha              3333....555577773333555566669999                ....111122225555888833335555                                                                                        3333....333333335555222255555555                3333....888822228888999911111111
                                                                              
    /lnalpha              1111....222277773333555566665555            ....0000333355552222111122227777                                                                                        1111....222200004444555544449999                    1111....33334444222255558888
                                                                              
   ageentree              1111....000022220000333399993333            ....0000000022227777333366668888                    7777....55553333            0000....000000000000                    1111....000011115555000044443333                1111....000022225555777777771111
        sexe              1111....444400008888444444448888            ....0000555577779999222200007777                    8888....33333333            0000....000000000000                        1111....22229999999933338888                1111....555522226666666677771111
                                                                              
     nbchute          IRR   Std. Err.      z    P>|z|     [95% Conf. Interval]
                             Robust
                                                                              
                          (Std. Err. adjusted for 11113333999944449999 clusters in nopatient)
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Binomial negative regression
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Binomial negative regression

xi:nbreg nbchute sexe ageentree , irr cluster(nopatient) offset(logdursj ) 

Log pseudolikelihood = ----11115555888866668888....777711116666                                                                    Prob > chi2     =              0000....0000000000000000
Dispersion           = mmmmeeeeaaaannnn                                                                                            Wald chi2(2222)    =              111133339999....66661111
Negative binomial regression                      Number of obs   =                  22224444777788887777

                                                                              
       alpha                  1111....66668888333366661111            ....0000777766661111111122229999                                                                                            1111....55554444000088885555                1111....888833339999555599997777
                                                                              
    /lnalpha              ....5555222200009999444400004444            ....0000444455552222000088881111                                                                                        ....4444333322223333333344441111                ....6666000099995555444466667777
                                                                              
    logdursj     (offset)
   ageentree              1111....000011114444000044442222            ....0000000022226666000011112222                    5555....44444444            0000....000000000000                    1111....000000008888999955557777                1111....000011119999111155553333
        sexe              1111....555533332222333322228888            ....0000555588885555666666667777                11111111....11117777            0000....000000000000                    1111....444422221111777733334444                1111....666655551111555522226666
                                                                              
     nbchute          IRR   Std. Err.      z    P>|z|     [95% Conf. Interval]
                             Robust
                                                                              
                          (Std. Err. adjusted for 11113333999944449999 clusters in nopatient)
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Cox regression

Hazard function
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Cox regression

stset timep, id(seqadmin) failure(chuteb==1) origin(time 0) exit(time 1)
stcox sexe ageentree, vce(cluster nopatient)

CCCCooooxxxx    rrrreeeeggggrrrreeeessssssssiiiioooonnnn    --------    BBBBrrrreeeesssslllloooowwww    mmmmeeeetttthhhhoooodddd    ffffoooorrrr    ttttiiiieeeessss

                                                                                                                                                                                                                                                                                                                        
            aaaaggggeeeeeeeennnnttttrrrreeeeeeee                    1111....000022221111333366664444                ....000000002222333377774444                    9999....00009999            0000....000000000000                    1111....000011116666777722222222                1111....000022226666000022228888
                                sssseeeexxxxeeee                    1111....333355558888111144443333            ....0000444466666666333333334444                    8888....99992222            0000....000000000000                    1111....222266669999777755551111                1111....444455552222666688888888
                                                                                                                                                                                                                                                                                                                        
                                        ____tttt            HHHHaaaazzzz....    RRRRaaaattttiiiioooo            SSSSttttdddd....    EEEErrrrrrrr....                        zzzz                PPPP>>>>||||zzzz||||                    [[[[99995555%%%%    CCCCoooonnnnffff....    IIIInnnntttteeeerrrrvvvvaaaallll]]]]
                                                                                                                    RRRRoooobbbbuuuusssstttt
                                                                                                                                                                                                                                                                                                                        
                                                                                                        ((((SSSSttttdddd....    EEEErrrrrrrr....    aaaaddddjjjjuuuusssstttteeeedddd    ffffoooorrrr    11113333999922220000    cccclllluuuusssstttteeeerrrrssss    iiiinnnn    nnnnooooppppaaaattttiiiieeeennnntttt))))

LLLLoooogggg    ppppsssseeeeuuuuddddoooolllliiiikkkkeeeelllliiiihhhhoooooooodddd    ====            ----33334444888811112222....111177776666                                                                PPPPrrrroooobbbb    >>>>    cccchhhhiiii2222                    ====                0000....0000000000000000
                                                                                                                                                                                                            WWWWaaaalllldddd    cccchhhhiiii2222((((2222))))                ====                111144445555....77777777
TTTTiiiimmmmeeee    aaaatttt    rrrriiiisssskkkk                                    ====        555511118888999933331111....4444111166666666
NNNNoooo....    ooooffff    ffffaaaaiiiilllluuuurrrreeeessss                        ====                                    3333999933336666
NNNNoooo....    ooooffff    ssssuuuubbbbjjjjeeeeccccttttssss                        ====                                11113333999922220000                                                                NNNNuuuummmmbbbbeeeerrrr    ooooffff    oooobbbbssss            ====                    22220000111111119999

CCCCooooxxxx    rrrreeeeggggrrrreeeessssssssiiiioooonnnn    --------    BBBBrrrreeeesssslllloooowwww    mmmmeeeetttthhhhoooodddd    ffffoooorrrr    ttttiiiieeeessss
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Cox regression
(modified according to Andersen–Gill)

stset tbf3, fail(nbchuteb==1) exit(time .) id(nopatient) enter(time 0)
stcox   sexe ageentree, efron robust nolog 

NNNNoooo....    ooooffff    ssssuuuubbbbjjjjeeeeccccttttssss                        ====                                11113333999922225555                                                                NNNNuuuummmmbbbbeeeerrrr    ooooffff    oooobbbbssss            ====                    22226666666633334444

CCCCooooxxxx    rrrreeeeggggrrrreeeessssssssiiiioooonnnn    --------    EEEEffffrrrroooonnnn    mmmmeeeetttthhhhoooodddd    ffffoooorrrr    ttttiiiieeeessss

Andersen PK and Gill RD.Cox's Regression Model for Counting Processes: A Large 
Sample Study-Ann. Stat.1982; 4 (10): 1100-20. 

                                                                                                                                                                                                                                                                                                                        
            aaaaggggeeeeeeeennnnttttrrrreeeeeeee                    1111....000011116666555566667777            ....0000000022227777555544441111                    6666....00006666            0000....000000000000                    1111....000011111111111188883333                1111....000022221111999977779999
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Summary of regression models 

Sex Age

Regression Model Parameter Short Value 95 % CI Value 95 % CI

Logistic Odds ratio OR 1.32 1.23 1.42 1.03 1.02 1.03

General linear model Risk ratio RR 1.25 1.18 1.32 1.02 1.02 1.03

Ordered logistic regression Odds ratio OR 1.34 1.24 1.44 1.03 1.02 1.03

Poisson Incidence rate ratio IRR 1.40 1.30 1.51 1.02 1.02 1.03

Negative binomial Incidence rate ratio IRR 1.40 1.30 1.51 1.02 1.02 1.03

Negative binomial + offset Incidence rate ratio IRR 1.53 1.42 1.65 1.01 1.01 1.02

Cox modified according to Andersen–Gill Hazard ratio HR 1.51 1.40 1.64 1.02 1.01 1.02

Herrmann FR, Petitpierre NJ. Techniques de régression pour l’analyse des facteurs de risque de chute. 
Annales de Gérontologie2009;2(4):225-29.





DiscussionDiscussion

The results produced by the different models are 
quite equivalent (risk of falls 1.2 to 1.5 times higher 
in men, and increases significantly by 1.2 to 2.6 % 
with each year of age) but addresses different with each year of age) but addresses different 
research question: 



DiscussionDiscussion

Cox model predicts the speed at which falls occur

Poisson and binomial models address the number of falls Poisson and binomial models address the number of falls 

Logistic model predict who will fall or not



Medline Bibliometrics (2.5.2010)

N % Key words

515 10.9 Logistic
48 1.0 General linear model
0 0.0 Ordered logistic

41 0.9 Poisson
8 0.2 Binomial negative

88 1.9 Cox

4734 100.0 Falls risk factors



ConclusionsConclusions

For commodity reasons or lack of the appropriate 
software many studies with repeated outcomes 
reports only the occurrence of a first event, but to 
limit information loss, model dealing with repeated limit information loss, model dealing with repeated 
measure design are recommended so that all 
observed events are considered in risk modeling.  



ConclusionsConclusions

The predicted value obtained after risk modeling of  
repeating events can the be used instead of 
prevalence data in the Sullivan method. 




