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How to set up time-dependent covariates for survival analysis

When you are doing a survival analysis, some participant characteristics are fixed (like sex), while some characteristics (and their influence on study outcome events) may change during the follow-up time.  The latter are called “time-dependent covariates”.  The purpose of this handout is to help you set up your data so that you can analyze a time-dependent covariate in a survival analysis.
A full discussion of how to do survival analysis is beyond the scope of this handout, but we’ll touch briefly on some of the basics along the way.

Survival analysis example
In this handout, we will use the example of a study looking at the effect of androgen deprivation therapy (ADT), a systemic treatment for prostate cancer, on prostate cancer mortality.  The key variables in the sample dataset are described below:
	Variable
	Meaning of Variable
	Description of Variable

	id
	ID of the patient
	A numeric value identifying the patient

	riskf
	Risk classification
	Fixed characteristic, 1=low, 2= intermediate, 3=high

	adt
	Androgen deprivation therapy
	A binary variable (0 or 1) representing whether the patient received ADT treatment

	timetotreat
	Time to ADT treatment
	A continuous variable  representing time to starting ADT treatment for those patients who received this treatment

	sdays2
	Follow up time
	A continuous variable representing the total time of patient follow up from diagnosis

	pcsm
	Prostate cancer specific mortality
	A binary variable (0 or 1) representing whether the patient died from prostate cancer.  This is the primary study outcome, or the “failure” variable in the survival analysis.  A “0” indicates that the patient reached the end of the follow-up time without dying from prostate cancer, or they died from something else.


Here’s what the first 10 observations of the dataset look like:

     +------------------------------------------------+

     |    id   riskf   adt   timeto~t   sdays2   pcsm |

     |------------------------------------------------|

  1. |    28       2     0          .      718      0 |

  2. |    67       2     0          .      186      0 |

  3. |   118       2     0          .     3022      0 |

  4. |   131       2     1         76     2428      1 |

  5. |   137       2     1        163      672      0 |

     |------------------------------------------------|

  6. |   139       1     0          .      301      0 |

  7. |   172       3     1        407     3810      0 |

  8. |   185       3     0          .     1463      0 |

  9. |   187       2     0          .     3299      0 |

 10. |   209       2     1        342     4155      0 |

    +------------------------------------------------+
ADT: A time-dependent coviarate
The effects of ADT occur only while the ADT is being administered, and the timing of administration varies by patient.  Some patients start receiving ADT shortly after diagnosis, some a long time after, and some never do.  This makes it a natural time-dependent covariate.  

The basic approach here will be to SPLIT the survival time for each patient receiving ADT into time BEFORE they start receiving ADT and time AFTER they start receiving it.  Each of these time periods will be represented by a SEPARATE ROW in the dataset, so that some, but not all, participants will be represented by TWO ROWS.

One of the ways to do this in Stata is to use the stsplit command.  Here’s how it works.
First, we need timetotreat to be non-missing for everyone.  This represents the follow-up time before treatment with ADT, which equals the FULL follow-up time for persons who never had ADT.  So we can replace timetotreat with sdays2 where it is missing (and when ADT was never given): 


replace timetotreat=sdays2 if adt==0 & timetotreat==.

(273 real changes made)

We can see that there were 273 changes made, which are the number of men who did not use ADT.  It’s important to double-check this!  Let’s look at the dataset again now:

     +----------------------------------------------+

     |  id   riskf   adt   timeto~t   sdays2   pcsm |

     |----------------------------------------------|

  1. |  28       2     0        718      718      0 |

  2. |  67       2     0        186      186      0 |

  3. | 118       2     0       3022     3022      0 |

  4. | 131       2     1         76     2428      1 |

  5. | 137       2     1        163      672      0 |

     |----------------------------------------------|

  6. | 139       1     0        301      301      0 |

  7. | 172       3     1        407     3810      0 |

  8. | 185       3     0       1463     1463      0 |

  9. | 187       2     0       3299     3299      0 |

 10. | 209       2     1        342     4155      0 |

     +----------------------------------------------+

We can see that timetotreat represents the time until receiving ADT for those patients who received ADT. However, for those patients who have not received ADT, timetotreat has been replaced by the follow up time (sdays2).

Now, in order to take advantage of the stsplit command (and other survival analysis commands), we must let Stata know that this is survival data.  We can use the following command:

. stset sdays2, failure(pcsm) id(id)

                id:  id

     failure event:  pcsm != 0 & pcsm < .

obs. time interval:  (sdays2[_n-1], sdays2]

 exit on or before:  failure

-----------------------------------------------------------------------

      375  total obs.

        0  exclusions

-----------------------------------------------------------------------

      375  obs. remaining, representing

      375  subjects

       35  failures in single failure-per-subject data

   734211  total analysis time at risk, at risk from t =         0

                             earliest observed entry t =         0

                                  last observed exit t =      6390

This command creates 4 new variables: _t, _t0, _d, and _st.  These variables must be present when one of the survival analysis commands is used (commands starting with “st” like sts graph and stcox).  You can think of them as “pre-processing” that Stata does with stset so you don’t have to declare those variables again every time you run an st command.
Note also the use of the id(var) option that we added to the end of this command to let Stata know which variable can be used to identify individual patients.  This is not always necessary to do with stset, but it IS necessary here, or whenever you’re setting up to use time-dependent covariates.  Since we will be splitting the follow up time for those patients who receive ADT treatment into two time periods (before and after ADT treatment begins), we need to provide Stata with the id variable that will link these two time periods to the same patient.
Now we can ask Stata to split single time span records into periods before and after ADT treatment.  Here’s the way this command works for this dataset:

. stsplit postadt, after(timetotreat) at(0)

(100 observations (episodes) created)

This asks Stata to split each participant’s follow-up time into the time before and after the moment in time marked by the timetotreat variable.  If there is ZERO time “after” timetotreat (this is true for people with adt==0 the way we coded timetotreat), then no additional record is created; but if timetotreat is less than sdays2 (the total follow-up time), then the remaining part of the follow-up time is assigned to a SECOND record (row) for that participant (i.e., the participant’s follow-up time is “split”).  To indicate before vs. after the split,  we told Stata to  create the variable postadt, which has a value of -1 before ADT and a value of 0 after ADT.  As we can see, 100 changes were made.  This matches the 100 men that we know received ADT.  Let’s look at the dataset again after these changes:
     +---------------------------------------------------------------------+

     |  id   riskf   adt   timeto~t   sdays2   pcsm   _t0     _t   postadt |

     |---------------------------------------------------------------------|

  1. |  28       2     0        718      718      0     0    718        -1 |

  2. |  67       2     0        186      186      0     0    186        -1 |

  3. | 118       2     0       3022     3022      0     0   3022        -1 |

  4. | 131       2     1         76       76      .     0     76        -1 |

  5. | 131       2     1         76     2428      1    76   2428         0 |

     |---------------------------------------------------------------------|

  6. | 137       2     1        163      163      .     0    163        -1 |

  7. | 137       2     1        163      672      0   163    672         0 |

  8. | 139       1     0        301      301      0     0    301        -1 |

  9. | 172       3     1        407      407      .     0    407        -1 |

 10. | 172       3     1        407     3810      0   407   3810         0 |

     |---------------------------------------------------------------------|

 11. | 185       3     0       1463     1463      0     0   1463        -1 |

 12. | 187       2     0       3299     3299      0     0   3299        -1 |

 13. | 209       2     1        342      342      .     0    342        -1 |

 14. | 209       2     1        342     4155      0   342   4155         0 |

     +---------------------------------------------------------------------+

Patients who did not receive ADT (e.g., id=28) have a single record and a single time span (e.g., 718 days) of follow up.  During this time span, they were not on ADT, so postadt = -1.  Patients who received ADT (e.g., id=131), however, have two records and two time spans.  The first time period is from diagnosis to the time of ADT administration (e.g., 76 days); the second time period is from the ADT start date (e.g., day 76) to the end of follow-up (e.g., day 2428).  The postadt variable, newly created by the stsplit command, indicates when the patient was on ADT (=0) and when they were not (=-1).

You’ll also notice that Stata has modified the _t0 and _t variables so that they indicate clearly the start and end times for each interval/record, and so that the modified dataset is still ready for an st suite command.  

To conform with standard variable coding conventions, you probably want to change the postadt variable to 0 and 1 instead you can use the command:


 replace postadt = postadt +1
The dataset is now set up for modeling the predictor, treatment with ADT, as a time-dependent covariate.  

At this point, we might want to model the effect of ADT on prostate cancer survival,  adjusting for the patients risk status.  To do this, we might use Cox proportional hazards analysis, like this:

. stcox postadt i.riskf

         failure _d:  pcsm

   analysis time _t:  sdays2

                 id:  patientid

Iteration 0:   log likelihood = -159.04731

Iteration 1:   log likelihood = -147.80668

Iteration 2:   log likelihood = -147.69962

Iteration 3:   log likelihood = -147.69909

Iteration 4:   log likelihood = -147.69909

Refining estimates:

Iteration 0:   log likelihood = -147.69909

Cox regression -- no ties

No. of subjects =          375                     Number of obs   =       475

No. of failures =           35

Time at risk    =       734211

                                                   LR chi2(3)      =     22.70

Log likelihood  =   -147.69909                     Prob > chi2     =    0.0000

------------------------------------------------------------------------------

          _t | Haz. Ratio   Std. Err.      z    P>|z|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

     postadt |   5.172154   2.184341     3.89   0.000     2.260404    11.83469

             |

       riskf |

          2  |   2.606889   1.457264     1.71   0.087     .8715586    7.797378

          3  |    2.33452   1.346552     1.47   0.142     .7537443    7.230546

------------------------------------------------------------------------------

Note that we used postadt instead of adt as our indicator of ADT.  The implication of this (as is true generally for time-dependent covariate analyses), is that time spent BEFORE ADT in someone who receives ADT later is counted the same as time spent in someone who never receives ADT.

We can see that the hazard ratio for death from prostate cancer for persons while on ADT was 5.2, suggesting that ADT was associated with a higher likelihood of dying from prostate cancer.  This could be because ADT is truly harmful(!) or because the patients with the worst survival received it – i.e., “confounding by indication” – but sorting that out is a whole different topic…
Two other comments:

1) The stsplit command is a convenience command that sets up the dataset for you if you have an indicator (like timetotreat) of the time before a switch in the time-dependent covariate.  It is also possible to simply set up your dataset “manually” so it looks like that final screenshot (without the “_” variables), and then use stset with the id option (which will add the “_” variables and ready the dataset for st suite commands).

2) If you have more than one time-dependent covariate (TDC), it’s often the case that they change at the same time (such as at the time of a study visit); if that’s true, then you can set up the data as we did here and just add the additional TDC’s as additional columns.  However, if your second TDC changes at a different time, then you’ll need to further split your observation time so that the TDC’s are constant within the interval/record/row.
