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1SUMMARYA 
ompa
t graphi
al devi
e for 
ombining survival and time-varying 
ovariate informa-tion is proposed. The proposed graph 
ontains the Kaplan-Meier estimator for right-
ensored data and a simultaneous display of the behavior of time-dependent 
ovariate(s)and the lifetime for ea
h subje
t in the sample. The observed levels of time-dependent
ovariates are possibly subje
ted to an initial dimension redu
tion or smoothing stepto produ
e a 
ontinuous 
ovariate fun
tion. Values of this fun
tion are plotted on ahorizontal bar for the length of the lifetime of the subje
t. Covariate information for
ensored data is also in
orporated. The union of the horizontal bars forms the Kaplan-Meier estimator of the survival fun
tion. Our graphi
al method is implemented with anew S-Plus fun
tion and demonstrated in several appli
ations.KEY WORDS: Graphi
al method; Kaplan-Meier estimator; Individual-level sur-vival information; Lifetime data; Time-dependent 
ovariates.



21. INTRODUCTIONIn survival analysis, the Kaplan-Meier estimator provides a nonparametri
 estimate ofthe survival fun
tion of a spe
i�ed 
ohort, naturally in
orporating right-
ensored data.The plot of the Kaplan-Meier estimator is used as a graphi
al devi
e to demonstratethe survival fun
tion of a 
ohort. The estimator itself has many ni
e properties su
h asbeing the nonparametri
 maximum likelihood estimator for the true survival fun
tion(see, e.g., Anderson et al. [1℄). A graphi
al limitation of the Kaplan-Meier 
urveis its inability to in
lude individual-level 
ovariate information. Parti
ularly in the
ase of time-dependent 
ovariates, su
h information 
an be an important part of dataexploration and model building.A re
ently introdu
ed graphi
al tool for survival analysis is the event 
hart (Gold-man [2℄, Dubin et al. [3℄, Lee et al. [4℄), a graphi
al te
hnique exhibiting individual-level survival information. With 
ertain implementations of event 
harts, 
ovariateand survival information 
an be shown simultaneously. However, event 
harts are not
urrently amenable to optimally display time-dependent 
ovariate information.As a new method we propose here the event history graph. It brings together thestrengths of both Kaplan-Meier 
urves and event 
harts, and simultaneously providesthe ability to in
orporate time-dependent 
ovariates. A previous version of the eventhistory graph allowed the in
orporation of time-dependent 
ovariate information, butdid not a

ount for 
ensoring and was restri
ted to 
ases where tightly and regularlyspa
ed 
ovariate measurements were available (Carey et al. [5℄). We propose here a
exible event history graph that in
orporates 
ensoring and time-dependent 
ovariateinformation.The methodology for the event history graph is des
ribed in Se
tion 2. In Se
tion3, we will provide examples of event history graphs, using data from two separatestudies. The �rst example is the well-known Stanford heart transplantation study that
ontains right 
ensoring with a binary time-dependent 
ovariate. A se
ond example is



3a liver 
irrhosis study that 
ontains right 
ensoring with a 
ontinuous time-dependent
ovariate. We end with a dis
ussion of various aspe
ts of event history graphs in Se
tion4. The algorithm used to 
reate the event history graphs and its implementation as aS-Plus fun
tion is brie
y des
ribed in an Appendix.2. THE EVENT HISTORY GRAPHThe event history graph 
ombines information on individual-level time 
ourses withsurvival information as 
onveyed by the Kaplan-Meier estimator. The abs
issa (x-axis)represents time in the study, while the ordinate (y-axis) represents per
ent surviving,as in the 
ustomary plot of the Kaplan-Meier estimator. Ea
h individual will have theirtime 
ourse represented as a 
olor 
oded (or, alternatively, grey shaded) horizontal bar.These bars are 
hara
terized by length, width (thi
kness) and 
olor. All observedtimes are sorted in as
ending order. In 
ase of ties between 
ensored and un
ensoredobservations, the un
ensored observations are ordered �rst. The lengths of all barsare determined by time-to-event (lifetime or 
ensoring time). For 
ensored times, theextension of su
h a bar to the right is drawn in a "missing value" 
olor until the bar hitsthe verti
al jump produ
ed by the next un
ensored observation in the Kaplan-Meierestimator. For un
ensored observations, the length of the 
olored bar 
orresponds tothe survival time. The width (thi
kness) of the bar depends on the 
ensoring status andthe number at risk at the next un
ensored observation. The 
olor of the bars indi
atesthe 
ovariate values and will be dis
ussed momentarily. Note that there is an optionto draw a small 
ensoring mark to the right of all bars with 
ensored lifetimes. Insome appli
ations, this allows for better visual assessment where 
ensoring o

urs. (SeeFigures 4 through 9 in Se
tion 3 for examples where 
ensoring is thus marked).Formally, assume the data are i.i.d. pairs (Xi; Æi), i = 1; :::; n, where Xi =min(Ti; Ui), with Ti = event time and Ui = right-
ensoring time for subje
t i. Here,Æi = 1 if Ti � Ui, and Æi = 0 if Ti > Ui.



4Let T(1); T(2); :::; T(K); K � n, be the ordered observed event times for the n sub-je
ts. Also, let nk be the number at risk for the spe
i�ed event just before T(k), and dkbe the 
orresponding number of events at T(k). The Kaplan-Meier estimator [6℄ for thesurvival fun
tion �F is then de�ned as �̂F (t) = Qk:T(k)�t(1� dknk ).Now, assume there are l 
ensored observations right before a single un
ensoredone. Then the Kaplan-Meier jump size is�(k) = �̂F (T(k)+)� �̂F (T(k)) = 1nk+1 �̂F (t) (1)at T(k) for an un
ensored observation. To determine the bar widths in the event historygraph, this jump size is divided into (l+1) equal sized bars, the last bar 
orrespondingto the un
ensored observation. That is, ea
h of the bars asso
iated with the k-th jumpsize �(k) has a width of �(k)=(l + 1).We dis
uss now the in
orporation of time-dependent 
ovariates and the utilizationof 
olor in the event history graph. Time-independent 
ovariates are in
luded as aspe
ial 
ase and the proposed event history graph will also be of interest for su
h data.Note that the values of the 
ovariate(s) may be transformed, e.g., by a logarithmi
or Box-Cox transformation, before 
onstru
ting the event history graph. We are ableto easily in
orporate a single time-dependent 
ovariate. Sometimes, data will in
ludemore than one 
ovariate of interest, while a single event history graph is desired. Thismay be a
hieved by utilizing dimension redu
tion te
hniques. Examples are prin
ipal
omponents or single index methods. In fa
t, any mapping whi
h proje
ts a ve
tor of
ovariates to dimension one 
ould be 
onsidered.The most 
onvenient dimension redu
tion s
heme for survival data will be touse a Cox [7℄ proportional hazards regression model. Given p time-varying 
ovariatesZ1(t); :::; Zp(t), the Cox model involves a baseline hazard rate �0(t) and relates thehazard rate of an individual with 
ovariate fun
tions Z1(t); :::; Zp(t) to the baselinehazard via �(tjZ1; :::; Zp) = �0(t)exp(�(t)), where �(t) = pPk=1�kZk(t) (see Andersen etal. [1℄). This is a single index model with single index �(t). In general, a single



5index is a linear proje
tion used for dimension redu
tion and 
orresponds to a linear
ombination of predi
tors (as is 
ommonly used for the linear predi
tor in generalizedlinear models, see, e.g., M
Cullagh and Nelder [8℄).For multiple 
ovariates, time-varying or not, we then substitute an estimate �̂(t) =pPk=1 �̂kZk(t) for �(t), obtained by maximizing partial likelihood. This a
ts then as a one-dimensional time-varying 
ovariate whi
h we may 
onveniently utilize for the eventhistory graph. For an illustration of this te
hnique, see the example in Se
tion 3.3.Assuming we have a single time-dependent 
ovariate or have redu
ed a higherdimensional 
ovariate to dimension one, we will use a 
oloring s
heme, 
hosen by theuser, to indi
ate the varying levels of the time-dependent 
ovariate over ea
h individual'sobserved length of time, whi
h is Xi = min(Ti; Ui). The 
olor will then signify themagnitude of the 
ovariate at any parti
ular time t, for ea
h individual. One 
an alsoimplement the method on a grey-s
ale s
heme, where di�erent shades of grey would
orrespond to the varying levels of the 
ovariate.Often there exist time gaps in the measurements of the 
ovariate due to unevendesigns or more 
ommonly to missing data. A simple remedy is to utilize a smoothingte
hnique, su
h as lo
al polynomial regression (see, e.g., Fan and Gijbels [9℄) to obtaina 
ontinuous 
ovariate fun
tion. Say, for individual i, we have 
olle
ted mi observationsyi;j; j = 1; :::; mi at times ti;j of a time-dependent 
ovariate, Z, over [0; Xi℄, the totalperiod of observation for the ith subje
t. Then, using lo
al linear regression, we mayobtain Z(t) for a given t; 0 � t � Xi, by solving the following lo
ally weighted leastsquares equation:Ẑ(t) = argmina (minb miXj=1(yi;j � a� b(ti;j � t))2K(ti;j � th )): (2)Here, h is a bandwidth to be 
hosen by the user (automati
 sele
tion s
hemes su
h as
ross-validation are available) and K � 0 is a kernel weight fun
tion; an optimal 
hoi
eis known to be K(x) = (1 � x2)1[�1;1℄ (see M�uller [10℄). We note that there exist fastimplementations for lo
al linear �tting [9℄.



6In some 
ases, the time-dependent 
ovariate may be 
ategori
al. For example,
ovariate values 
ould be 1 = patient underwent surgery prior to time t, 0 = no surgeryprior to time t. The 
ovariate may also be a 
ount variable, e.g., 
ounting the numberof re
urren
es of a parti
ular 
an
er during patient follow-up. Another example is anordered 
ategori
al variable, su
h as 
lini
al staging of 
an
er. We note that thesevarious types of 
ovariates 
an be easily in
orporated into the methodology for theevent history graph.We have written an S-Plus fun
tion, event.history, to generate event historygraphs as des
ribed above; the fun
tion and 
orresponding help �le may be obtainedfrom the authors. Some details on the algorithm are provided in the Appendix.3. EXAMPLES AND APPLICATIONS3.1. Event History Graphs in A
tionBefore 
reating event history graphs from a
tual study data, we will demonstrate ourgraphi
al method with a small arti�
ial survival data set, listed in Table 1. Thistable 
ontains data on ten subje
ts followed for a maximum period of 20 months. Sixsubje
ts experien
ed the event of interest, i.e., death, before the end of the follow-up period, while four subje
ts are right-
ensored. There is a single time-dependent
ovariate, status regarding surgery during the follow-up period. This 
ovariate 
hangesfrom a value of 0 (no surgery) to 1 at the time of surgery. If there is no surgery duringfollow-up, the 
ovariate remains at 0. Only four of the ten subje
ts had the surgery.Figure 1 shows a standard Kaplan-Meier 
urve for this small 
ohort. As dis
ussedearlier, the Kaplan-Meier estimator does not 
onvey information regarding a time-dependent 
ovariate. The main feature of the proposed event history graph, shown inFigure 2, is to 
omplement the Kaplan-Meier estimator by providing information bothon survival as well as on the time-dependent 
ovariate. For ea
h subje
t, in
ludingsubje
ts with 
ensored lifetimes, the graph 
ontains a bar whose grey s
ale 
hanges



7from dark grey to light grey on
e a subje
t is treated with surgery.The hat
hed bar segments o

ur only for 
ensored subje
ts and represent thetime from the end of their follow-up period until the next observed event time. The oneex
eption is the last subje
t, who is 
ensored but has no event time to follow. In this
ase, a small extension of a 
ensored subje
t's bar is appended beyond his/her follow-up time, in order to allow re
ognition that this �nal bar indeed belongs to a 
ensoredindividual. The extension of the bar is shown with hat
hed texture. The Kaplan-Meier
urve is then exa
tly the upper boundary of the union of all bars, dis
ounting thehat
hed bar extension for the longest observed subje
t in 
ase the last observation(s)is (are) 
ensored.This simple example demonstrates the versatility of the proposed event historygraphs. These graphs not only 
onvey the usual 
ohort survival information, but alsothe time-dependent 
ovariate information for all subje
ts. By integrating these twofeatures, this graph allows a visual assessment of whether the time-dependent 
ovariateis related to survival, and it thus 
omplements 
ustomary inferen
e pro
edures su
h asCox survival regression with time-varying 
ovariates. Figure 2 provides visual eviden
ethat the subje
ts who have surgery tend to survive longer. Obviously, if this were atrue study, the graph would be 
omplemented by statisti
al modeling and inferen
e todetermine if surgery indeed has a 
urative e�e
t.3.2. Appli
ation to Stanford heart transplant dataThe �rst real data whi
h we will dis
uss is from the Stanford Heart Transplant Study;see, for example, Clark et al. [11℄, Crowley and Hu [12℄ and Kalb
eis
h and Prenti
e[13℄. In this study, there was interest in several questions, in
luding determining ifa mid-study heart transplant was related to survival. Similar to surgery status inthe example from Se
tion 3.1, status regarding heart transplant is the time-dependent
ovariate here.Figure 3 displays the Kaplan-Meier 
urve for the study sample of size n = 103,



8providing information on survival and 
ensoring. The event history graph is seen inFigure 4, and shows the patient transplant history simultaneously with the estimatedsurvival probabilities. It is 
lear that the vast majority of patients who survived for along time had re
eived heart transplants early in their follow-up. This is portrayed bythe 
hange in bar 
olor from dark grey (pre-transplant) to light grey (post-transplant).We 
an also see that the majority of those who died early never re
eived a transplant.Figures 5a and 5b show the event history graphs for the Stanford 
ohort strati�edinto two groups by age, < 48 and � 48 years old, respe
tively. Upon visual observation,it appears that the younger patients live longer as 
ompared to the older group. A log-rank test 
omparing these two survival 
urves yields a borderline statisti
ally signi�
antresult with a p-value of p = :09, with a 
orresponding 95% 
on�den
e interval of (.659,1.040) for the parameter exp(�) in the asso
iated Cox model, 
omparing the youngerversus the older group.Viewing Figures 4, 5a and 5b motivates investigating the possibility of an inter-a
tion of age and transplant status on survival. In fa
t the question of this intera
tionand several other hypotheses have been investigated previously ([12℄,[13℄) using Coxproportional hazards regression and other survival analysis te
hniques. Our aim hereis to show how the event history graph 
an be used to advantage at the onset of ananalysis, exploring the data and possibly generating hypotheses to be tested. In addi-tion, it is useful at the end of an analysis to 
ommuni
ate the results e�e
tively to themedi
al 
ommunity.The Stanford data 
ontained a time-dependent 
ovariate that is relatively easy tohandle, i.e., a single binary time-varying 
ovariate indi
ating status of a patient. A more
ompli
ated time-dependent 
ovariate would be a 
ontinuously measured physiologi
alor 
lini
al variable, whi
h 
an vary in any dire
tion over time. Su
h a variable is partof our se
ond study example.3.3. Appli
ation to liver 
irrhosis data



9Data from a randomized 
lini
al trial of liver 
irrhosis in
luded prothrombin, a 
ir
ulat-ing blood 
hemi
al. This features as a time-dependent 
ontinuous 
ovariate, measuredbetween 3 and 17 times per subje
t over the 
ourse of follow-up; the follow-up periodranged from 4 to 4892 days for a total of 488 subje
ts. The main goal of the study wasto see whether the treatment, prednisone, a steroid hormone, was e�e
tive in improvingsurvival for 
irrhosis patients. This treatment was tested versus a pla
ebo. For furtherdetails of the study and formal statisti
al analyses, see, for example, Andersen et al.[1℄, S
hli
hting et al. [14℄, and Christensen et al. [15℄.Event history graphs permit the exploration of the e�e
t of the treatment pred-nisone and the time-dependent 
ovariate prothrombin on the survival of the 
irrhosispatients. Several time-independent variables 
olle
ted at the beginning of the studywere also available for analysis. These in
luded gender, age, histologi
al liver biopsyreadings, et
.We 
onstru
ted �ve event history graphs for these data. Figures 6 and 7 pertain tothe survival and prothrombin levels for all 488 subje
ts, using di�erent 
oloring s
hemes.Figures 8a and 8b display survival and prothrombin levels strati�ed by treatment group.The �nal graph, Figure 9, provides an example of dimension redu
tion via the �ttingof a Cox proportional hazards regression model, simultaneously in
orporating several
ovariates.The 
oloring s
heme for Figure 6 is in grey s
ale, with lighter shades of grey 
or-responding to higher levels of measured prothrombin. Five total levels of prothrombinare indi
ated, based on intervals de�ned by quintiles between the observed minimumand maximum prothrombin values in the data set. Prothrombin values were assumed to
hange at the time of measurement. No smoothing of the prothrombin measurementswas performed, though that would be an option for this and similar 
ovariates.Figure 7 is identi
al to Figure 6, ex
ept that we utilize the 
olor spe
trum insteadof shades of grey. Here, royal blue signi�es the highest of �ve levels of prothrombin,



10while red signi�es the lowest. Spe
i�
ally, the ordering from lowest level to highest,based on quintiles, is red, yellow, green, light blue, royal blue. In general, the user hasthe option to 
hoose a 
oloring s
heme suitable for the appli
ation at hand. Judgingfrom Figures 6 or 7, it appears that those patients surviving longest tend to have higherlevels of prothrombin, while, 
onversely, early death seems to be asso
iated with lowerlevels of prothrombin.In Figures 8a and 8b, we show the event history graphs with prothrombin as 
o-variate, separately for a
tive treatment and pla
ebo, respe
tively, with 
olor 
oding forthe subje
t bars in ea
h graph based on the same overall sample quintile 
ategorizationutilized for Figure 7. These graphs point to relatively similar lifetime distributions forthe two groups. We note that a logrank test 
omparing the survival distributions forthe two groups is not signi�
ant (p = 0:394), with an asso
iated 95% 
on�den
e inter-val of (0.848, 1.070) for the parameter exp(�) from the 
orresponding Cox regression
omparing the lifetime of the pla
ebo group to the treatment group.It does appear that measurements in the lowest quintile of prothrombin (red)are more prevalent for the pla
ebo group, and that measurements in the highest quin-tile (blue) are more prevalent in the prednisone group. Modeling to determine if anintera
tion exists between treatment group and prothrombin levels on survival wouldbe useful here. In fa
t, this question was investigated by Christensen et al. [16℄ andAndersen et al. [1℄. These resear
hers determined that an intera
tion exists betweenaverage prothrombin level and treatment. In parti
ular, it was found that prednisoneappears to work better for subje
ts whose average prothrombin levels were in the 70thper
entile or higher. Indeed, we 
an see in Figures 8a and 8b that patients who a
hievethe highest quintile of prothrombin level in the prednisone group appear to survive atthis level for a greater period of time than similar patients in the pla
ebo group.These graphs illustrate yet another useful feature of event history graphs: theyallow to explore how 
hanges in 
ovariate levels relate to remaining lifetime. A drop in



11a time-dependent 
ovariate may be an indi
ator for impending death. There is indeedeviden
e from the liver 
irrhosis study in Figures 8a and 8b that a drop in prothrombinlevels pre
edes death for many subje
ts. Falling prothrombin levels 
ould be a sign ofoverall failure of body fun
tions, or in itself 
ould be an indi
ator that 
irrhosis is 
aringup. Su
h 
onne
tions between 
hanging levels and their impa
t on remaining lifetimeare hard to model analyti
ally, and the proposed event history graph allows to dis
oversu
h relationships. Emphasis on monitoring the levels of the respe
tive 
ovariate maybe a signi�
ant 
lini
al 
onsequen
e of su
h �ndings.Finally, we illustrate dimension redu
tion with a single index for the 
ase of multi-ple 
ovariates in Figure 9. The �rst step is to �t a Cox proportional hazards regressionmodel for time-dependent 
ovariates, as des
ribed in Se
tion 2. The following multi-ple set of 
ovariates was 
onsidered: treatment group (0=prednisone, 1=pla
ebo), ageat entry, prothrombin level, and in
ammation of liver tissue (0 = slight or none, 1= moderate or severe), without 
onsideration of intera
tions between variables. Onlyprothrombin level is a time-dependent 
ovariate here; the other predi
tors are time-independent.The results from �tting the Cox proportional hazards regression model are inTable 2. Higher age, lower prothrombin, and greater liver tissue in
ammation lead tohigher risk of death. Treatment by itself is not statisti
ally signi�
ant.Building on these results from the Cox model, the next step is to generate the sin-gle index fun
tion, as des
ribed in Se
tion 2. Spe
i�
ally, �̂(t) = �̂1Z1+�̂2Z2+�̂3Z3(t)+�̂4Z4 = �:1569(trtgrp)+:0591(age)�:0329(prothrombin)�:4606(liver tissue inflammation).Then, for ea
h subje
t, at ea
h time point t, we 
al
ulate �̂(t). The resulting univariatetime-varying 
ovariate �̂(t) is then used as input for the event history graph. Thissingle-event graph is shown in Figure 9, with 
olor 
hoi
e again based on the quintilesof the time-varying 
ovariate. Lowest values of the single-index 
ovariate are 
oded inroyal blue and the highest values are 
oded in red, with the ordering being royal blue,



12light blue, green, yellow, red. Figure 9 
onveys the essen
e of the Cox model visually.Sin
e three of the four variables in the �tted Cox model have negative 
oeÆ
ients, whi
houtweighs the one variable with a positive 
oeÆ
ient, i.e., age, we would expe
t subje
tswith low values of �̂(t) to live longer. Indeed, Figure 9 reveals a prevalen
e of royalblue for the longer-lived subje
ts versus a prevalen
e of red tones for the short-livedsubje
ts. 4. DISCUSSION AND CONCLUDING REMARKSWe have presented the event history graph, a new graphi
al method for survival analy-sis that 
an display information on survival, 
ensoring, and 
ovariates, espe
ially withregard to time-dependent 
ovariates. Through several examples, we have shown thatthe event history graph is reasonably simple to interpret and 
an be a valuable ex-ploratory analysis tool for time-to-event studies, in addition to being a 
ompa
t devi
efor 
ommuni
ating results for time-varying 
ovariates to the medi
al 
ommunity.We note that if in a parti
ular 
ohort there is a group of patients whose 
ensoringtime tends to be greater than the longest observed lifetimes, then the jump sizes atthe bottom of the event history graph potentially are mu
h wider verti
ally than thosetoward the top. This phenomenon will be magni�ed when the sample size is large,as is the 
ase for the liver 
irrhosis data (see Figure 7). One should then be 
arefulnot to inappropriately give disproportionate "visual" weight to the �nal observationbars. If this is a problem in 
ertain appli
ations, it is possible to not plot the survivalprobabilities all the way to zero or to treat the last 
ensored observation as if it wereun
ensored, as a referee has suggested.To aid in su
h a s
enario, and also in general to gain additional insights intothe data, the user of our event.history fun
tion 
an invoke the option of viewing onlya spe
i�ed grid of the event history graph. Hen
e, one 
an essentially "zoom" on aportion of the graph that may otherwise be diÆ
ult to visually assess. For example, auser might want to zoom in on a parti
ular quantile of the survival 
urve. An example



13of this 
an be seen in Figure 10, where a zoom of short-term survivors from the liver
irrhosis study is displayed. These are de�ned by having a value of the Kaplan-Meierestimator of at least .9, i.e., they 
onstitute the lowest de
ile in terms of lifetime andare survived by 90% of the subje
ts in the 
ohort. This group 
onsists of 73 subje
ts.Zooming allows to dis
ern �ner details of life histories. Note the prevalen
e of red inFigure 10, 
on�rming that early deaths tend to be asso
iated with high levels of thesingle index fun
tion and low levels of prothrombin. See Se
tion 3.3 for more details.Another alternative to address the widening of bars towards the bottom wouldbe to 
onsider a graph based on equal width bands. This 
ould help to attenuate thevisual in
uen
e of wider bands at the bottom of the graph in 
ase of heavy 
ensoringtowards the end, as a referee has pointed out. A method for providing equal-widthbars already exists, in the form of the event 
hart ([3℄-[4℄), although time-dependent
ovariate information is not trivially added to these plots. A major drawba
k of equalwidth bar plots is that the survival fun
tion estimate in the form of the Kaplan-Meier
urve is lost and therefore the 
onne
tion between event histories and survival 
annotbe made anymore. We 
onsider this to be a 
entral feature of event history graphs.Combining event history information with the Kaplan-Meier estimator not onlyallows one to visually assess possible asso
iations of event history with survival, butalso provides an information-ri
h and 
ompa
t graphi
al devi
e. Tufte [17℄ suggests theuse of su
h information-ri
h graphs and 
ites as an example a histori
al graph whi
h
ontains six separate items of information in des
ribing the Napoleonean army's mar
hto Mos
ow. While in some instan
es the main message of a display may be masked iftoo mu
h extraneous information is provided, in the 
ase of event history graphs it isnot diÆ
ult to fo
us ex
lusively on the 
ohort survival information provided in thesegraphs.Other 
olor s
hemes than the one used in the above examples are possible andwill be in some 
ases preferrable. One 
ould use fewer than the �ve 
olors sele
ted in



14our appli
ation examples or spa
e the 
olors 
loser together in the subje
tive spe
trum,su
h as varying them between blue and red only. A user 
an determine the 
olors of
hoi
e in the S-plus fun
tion whi
h 
reates the event history graphs (see Appendix).In 
on
lusion, the proposed event history graphs serve several fun
tions: They1. provide a graphi
al tool for exploratory data analysis of relations between �xedor time-varying 
ovariates and survival;2. allow to explore dynami
 
hanges in a 
ovariate and their relationship with life-time, su
h as a plunge in 
ovariate level prior to death;3. provide a visual assessment of the variability of the 
ovariate time 
ourses betweenindividuals and between 
ohorts;4. allow for simultaneous visual 
omparisons of di�erent 
ohorts' survival and 
o-variate information;5. enhan
e the 
ommuni
ation of survival regression inferen
e, su
h as obtainedby applying a Cox proportional hazards regression model, by adding a visual
omponent. This illustrative feature may be of parti
ular interest in regard tomedi
al publi
ations and for 
ommuni
ating results to the medi
al 
ommunity.Espe
ially the last point indi
ates far rea
hing potential for the proposed graphi
alte
hnique. Many publi
ations in the medi
al literature whi
h 
ontain a survival analysisalready in
lude graphs of Kaplan-Meier 
urves. If desired, these graphs 
an then besimply extended to in
lude 
ovariate information by using the te
hniques proposed here.In parti
ular, the event history graph does not require more spa
e than a 
onventionalKaplan-Meier plot for one 
ohort, but beyond the Kaplan-Meier 
urve 
ontains a wealthof additional information. ACKNOWLEDGEMENTS
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reate the event history graph.1. First, a data set (in S-Plus, a data frame) must be 
reated with one row persubje
t. Within ea
h row should be a subje
t's observed time, event indi
ator(e.g., 1 = event, 0 = right-
ensored), and time-dependent 
ovariate values withtheir asso
iated re
orded times.2. In the program, the data set is ordered by as
ending observed time. In 
ase ofties, event times 
ome before 
ensoring times.3. For un
ensored times, 
ount tied event times. For 
ensored times, 
ount thenumber of other 
ensored times prior to next event time. In 
ase the next eventtime is tied, also 
ount the number of these tied event times. This is ne
essary todetermine jump sizes and bar heights.4. Plot bars for ea
h subje
t, in
luding segments within bars. The lengths of thesesegments are based on re
orded times for 
ovariate 
hanges, and 
olors of segmentsare based on the level of the 
ovariate value. The ex
eptions here are (a) thehat
hed segments drawn for 
ensored patients from their re
orded 
ensoring timeto the next un
ensored time, (b) if the �nal unobserved time(s) in the data set is(are) 
ensored, extend a hat
hed segment by a small amount (e.g., 5%) beyondthe observed time.5. In the S-Plus program, event.history, the user has 
hoi
es for the following argu-ments:



16� spe
ifying rows of data set to in
lude in graph, say, based on treatmentregimen� event indi
ator (e.g., 1=event/0=
ensored)� number of 
ategories for 
ovariate or 
ovariate fun
tion� how to de�ne 
ovariate or 
ovariate fun
tion 
ategories� 
olor 
hoi
es for 
ovariate bar segments; one 
an 
hoose distin
t 
olors orgradations of grey� density of lines in hat
hed bar segments for 
ensored subje
ts� length of hat
hed segment extension beyond observed time in 
ase �nal ob-servation(s) is (are) 
ensored� x-axis label, y-axis label, and graph title� plot region 
ontrol, in
luding ability to "zoom" on spe
i�ed portion of overallgraph
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20Table 1. Arti�
ial Survival Datasetwith Ten Observations Sorted byAs
ending Follow-up Timedeath during follow-up surgery during surgeryfollow-up time follow-up timepatient 1=yes/0=no (in months) 1=yes/0=no (in months)*1 1 5 0 NA2 1 7 0 NA3 0 8 0 NA4 1 9 1 45 1 9 0 NA6 0 12 1 27 1 13 0 NA8 0 16 1 39 1 17 0 NA10 0 20 1 4* NA = no surgery during follow-up period



21Table 2. Cox Proportional Hazards Regressionfor Liver Cirrhosis Dataparameter standardvariable estimate error z-ratio p-valuetreatment group -0.1569 0.11882 -1.32 .1866age 0.0591 0.00706 8.37 <.0001prothrombin -0.0329 0.00225 -14.64 <.0001liver tissue in
ammation -0.4606 0.11848 -3.89 .0001



22Figure LegendsFigure 1. Kaplan-Meier 
urve for all subje
ts (n = 10) from the arti�
ial datafrom Table 1. Small verti
al superimposed dashes along 
urve represent time of a 
en-sored observation.Figure 2. Event history graph for all subje
ts (n = 10) from the arti�
ial datafrom Table 1. Dark grey = no surgery yet during follow-up. Light grey = surgery o
-
urred previously during follow-up. Hat
hed segments in bars refer to 
ensored subje
ts.Figure 3. Kaplan-Meier 
urve for all subje
ts (n = 103) from the Stanford HeartTransplant Study. Small verti
al superimposed dashes along 
urve represent time of a
ensored observation.Figure 4. Event history graph for all subje
ts (n = 103) from the Stanford HeartTransplant Study. Dark grey = no transplant yet during follow-up. Light grey = trans-plant o

urred previously during follow-up. Hat
hed segments in bars, as well as smallhorizontal dashes following bars, refer to 
ensored subje
ts.Figures 5a and 5b. Event history graph for subje
ts less than 48 years old (n = 56)and event history graph for subje
ts greater than or equal to 48 years old (n = 47),respe
tively, from the Stanford Heart Transplant Study. Dark grey = no transplantyet during follow-up. Light grey = transplant o

urred previously during follow-up.Hat
hed segments in bars, as well as small horizontal dashes following bars, refer to
ensored subje
ts.Figure 6. Event history graph in grey s
ale for all subje
ts (n = 488) from theliver 
irrhosis study. Grey s
ale shading (�ve total shades) is based on quintiles of



23prothrombin index. Spe
i�
ally, darkest grey = lowest prothrombin quintile, darkergrey = se
ond lowest quintile, medium grey = middle quintile, lighter grey = se
ondhighest quintile and lightest grey = highest quintile. Censoring indi
ated as in Figure 5.Figure 7. Event history graph in 
olor for all subje
ts (n = 488) from the liver
irrhosis study. Color 
hoi
e (�ve total 
olors) is based on quintiles of prothrombinindex. Spe
i�
ally, red = lowest prothrombin quintile, yellow = se
ond lowest quintile,green = middle quintile, light blue = se
ond highest quintile and royal blue = highestquintile. Censoring indi
ated as in Figure 5.Figures 8a and 8b. Event history graph for subje
ts in a
tive treatment (pred-nisone) arm (n = 251) and event history graph for subje
ts in pla
ebo arm (n = 237),respe
tively, from the liver 
irrhosis study. Color 
hoi
e and 
ensoring indi
ated as inFigure 7.Figure 9. Event history graph for all subje
ts (n = 488) from the liver 
irrhosisstudy based on single index model from Cox proportional hazards regression, using pre-di
tor variables listed in Table 2. Color 
hoi
e (�ve total 
olors) is based on quintilesof single index fun
tion (i.e., �̂). Spe
i�
ally, royal blue = lowest single index quintile,light blue = se
ond lowest quintile, green = middle quintile, yellow = se
ond highestquintile and red = highest quintile. Censoring indi
ated as in Figure 5.Figure 10. Zoomed version of event history graph from Figure 9, showing theevent histories for the subje
ts in the lowest de
ile (n = 73) for time-to-event.
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