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1. Model equations for the vaccine and the maturing DCs 
As elaborated in the Quick Guide, the vaccine is assumed to be taken up by the naïve DCs 
linearly, at rate kinV. This process is described by the following equation:  

VnkV vi−= . 

The maturation and migration of the antigen–presenting DCs is described by 

mmim DkVkD −= . 

 

2. Formal description of the algorithm for in-treatment therapy personalization  
The algorithm is divided into four stages, describing the principal components of the proposed 
treatment personalization method. Stage 1 (Preparation) refers to the preliminary design of the 
whole setup, carried out once per application, for a given indication and treatment type and 
uniformly for all patients. Stages 2, 3 and 4 are applied individually for each patient. Stage 2 
(Personalization) guides the creation of the personalized model and is applied to each patient 
separately. Stage 3 (Prediction) describes the application of the individual model for treatment 
improvement. Stage 4 (Monitoring) prescribes further accuracy monitoring of the personalized 
model.  
 
Stage 1: Preparation 
1.1. Preliminary data collection. Collect and analyze available pre-treatment data for each 
patient.  

1.2. Construction of the mathematical model and formulation of the success–of– validation 
(SOV) criterion.  

    a. Mathematical model: Choose appropriate model structure and equations, evaluate general 
parameter values and select individually estimated patient–specific parameters based on general 
biomedical knowledge and collected clinical data (step 1.1).  

    b. SOV criterion: Choose the mode of comparison of personalized models; set the parameters 
of the criterion.   

 
Stage 2: Personalization 
2.1. Identification of the initial training set. Collect all initial in–treatment data until time t0 after 
treatment onset. Define the first training data set T0 that includes all collected data. Set the 
iteration counter at i=0. 
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2.2. Construction of the personalized model from current training data. Personalize the model by 
the use of the current training set Ti,. This is achieved by calibrating patient–specific parameter 
values (Pi) to fit the model predictions to individual clinical data in Ti. 

2.3. Verification of the model and data consistency. Check accuracy of the fit of the personalized 
model to the current training data (e.g., by goodness–of–fit tests). If accuracy is inadequate, 
repeat steps 1.2 and 2.1 reconsidering the general model design and/or extent of collected data. 

2.4. Generation of models predictions. If i>i0, generate the predictions of models parameterized 
by Pi and by one or more previous sets of values of patient-specific parameters, i.e., Pi–1, Pi–2, …, 
Pi–i0. 

2.5 Model validation assessment. Use the SOV criterion to compare predictions generated using 
Pi with those using previous sets of parameters values in the clinically relevant time range. If the 
SOV criterion is satisfied and i≥i0, continue to step 3.1. Otherwise, 

a. Let i=i+1. 

   b. Wait until time ti and collect additional measurements. 

   c. Form the new training set Ti by adding the new measurements to the previous training set. 

   d. Return to step 2.2. 

 
Stage 3: Prediction  
3.1 Model–assisted treatment modification. Use the validated individual model to predict the 
treatment outcome.  If the predicted outcome is unsatisfactory, explore the effects of alternative 
treatment regimens by simulating the model, in order to find an improved regimen.  

3.2. Application of the modified regimen. Apply the model-suggested modification to the current 
treatment regimen of the patient.  

 

Stage 4: Monitoring:  

4.1 Monitoring model accuracy. When further clinical data are available, check model accuracy 
by comparing the model predictions to the new data of treatment response. If model predictions 
disagree with the new data, adjust personal parameter values by repeating model personalization 
and validation (steps 2.2 through 2.5) and repeat the Prediction stage (3.1 and 3.2).  

 
3. Success–of–validation criteria.  
We devised three types of SOV criterion that compares the individualized model with patient-
specific parameters values Pi ("Model Pi") to the previously derived models with parameters 
values Pi–1, Pi–2, ..., Pi–i0. All these criteria are based on the evaluation of model comparison 
grade D(i) (see next section). 

Criterion type 1 (consecutive comparison): Compare predictions of models Pi and Pi–1, for n 
consecutive values of i, each time computing the model comparison grade D(i). If for some i>i0, 
D(i–n), D(i–n+1), ..., D(i) are all below a given acceptance threshold D0, the validation criterion 
is satisfied.  
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Criterion type 2 (last to previous comparison): Compare predictions of model Pi to each of n 
previous models. Let D(i) be the maximum (“worst”) comparison grade between Pi and one of 
Pi–n, ..., Pi–1. The model is validated when D(i) becomes lower than the acceptance threshold D0.  

Criterion type 3 (full pairwise comparison): Compare all predictions of the (n+1)-tuples of 
models by pairwise comparison of all Pi–n, ..., Pi. Let D(i) be the maximum of comparison grades 
of all pairs. The model is validated when D(i) becomes lower than the acceptance threshold D0.  

In the application to PCa vaccination therapy (1) we formed consecutive training sets by adding 
one new PSA value to the previous set: Ti=Ti–1 U {(ti, PSAi)}, where ti is the time of ith 
measurement while PSAi is the measured PSA value. 

 
4. Model comparison grade and parameters for SOV criterion  

To apply the treatment personalization algorithm to clinical data from the PCa vaccination study 
(1), we defined various parameterizations for the above criterion types. For each criterion type 
one must select parameters n and D0 together with the method of model comparison. We 
considered the values n=2,3, setting i0=n, i.e., the criterion was applied as soon as enough models 
were available. The models were compared by computing the distance between their predictions. 
All criteria types require comparing pairs of models, Pi and Pj (j<i). Hence, we simulated the 
models and evaluated the relative difference between PSA levels predicted by two models. The 
pairwise difference Dp(i,j) was defined by  
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where l determines the length of simulation used for the comparison, while PSi(t) and PSj(t) are 
PSA levels at time t predicted by models Pi and Pj, respectively. We evaluated the difference 
between predictions by norm-2 (L2) distance (as, notably, the use of norm-1 (L1) or norm-max 
(L∞) did not change the results significantly; data not shown). Division by PSi(t) rendered the 
grade independent of measurement units mitigating the fact that different patients exhibited 
different PSA base levels. In addition, we divided the result by l to normalize it when examining 
the criteria with different values of l. Simulation results were compared starting from ti, the time 
of application of the criterion, due to the consideration that the models will not differ 
significantly within the time span of the training set. Upon evaluating Dp(i,j) for all relevant pairs 
(i,j), as determined by the criterion type and n, we define  

( ) ( ){ }jiDiD p
j

,max= .  

Note that evaluation of D(i) requires one additional parameter, l, the length of comparison 
interval. We considered l=120, 180, or 360 days. 

 
5. Selecting the best performing SOV criterion.  
Considering the three types of criteria, two values of n and three values of l, we arrived at 18 
different formulations of the criterion. We must also define the acceptance threshold value D0 for 
each formulation. Hence, we simulated the application of each formulation of the criterion with 
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different values of D0 (between 0 and 0.9) and determined the performance of the criteria as a 
function of D0.  

For each criterion parameterization (criterion type, n, l and D0) and each patient X, we applied 
the algorithm to the individual clinical data and obtained the minimal training set size (CX), 
which is the number of points in the training set for which the criterion first becomes satisfied 
(i.e., for which the algorithm indicates that the model has been validated). To evaluate the 
performance of a considered criterion, we compared the values of CX with the number of points 
in the smallest training set required to obtain an accurate predictive model (NX) determined 
retrospectively (2).  

One can surmise that the best situation arises when for each X, CX=NX, i.e., the algorithm 
recognizes the model as validated exactly when it becomes accurate. However, in the best case it 
is more correct to expect that for each X, CX=NX+n, because only after collecting n data points 
the SOV criterion can justifiably affirm that the model is valid. On the contrary, if the algorithm 
affirms validity of the model earlier, it should be recognized as a “false positive,” since the last 
n+1 models were not all accurate and should not agree among themselves. On the other hand, if 
CX>NX+n, it is a “false negative”, i.e., recognition that the model is correct would require too 
much data. Following this approach, we define the performance score for the criteria:  

( ) ( ) +−=
X

XX nNCDlntypeScore 0,,, ,  

with X running over all analyzed patients. This score sums all false positive and false negative 
errors taking into account the extent of error. 

Evidently, the best possible performance score is 0, meaning that the criterion can determine 
validation just at the right time, i.e., at the n–th time point after the model is accurate for every 
patient. Note that the performance score depends on all parameters used to define the specific 
criterion; it assumes natural values and, thus, has a well defined minimal value as a function of 
the criterion type, n, l, and D0. Both false positive and false negative results contribute a positive 
number to the performance score value. In general, this performance score does not need to be 
monotonic in D0. In addition, there can be multiple D0 values that yield the minimum for a given 
criterion. 

To find the best SOV criterion for the presently analyzed data, we simulated algorithm 
application with D0 ranging from 0 to 0.9 with 0.0001 increments, for each of 18 considered 
settings (encompassing criterion type, n, and l). In the algorithm application we kept increasing 
the training set size until all in–treatment data were included (post–treatment measurements were 
not considered). The minimal performance score (of 6) was obtained by the type 2 criterion with 
n=3, l=360, D0=0.05 (Table S1) where there was a false positive of four time points for Patient 5 
and false negative errors of one time point for Patients 20 and 22. Six other criterion 
formulations yielded score values of 7 (Table S1). Thus, the type 2 validation success criterion 
with parameters n=2, l=360 days and D0 = 0.05 resulted in the best performance score for the 
data. Fig. 3 shows the values of the model comparison grade D(i) for all patients using the 
selected criterion.  
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Criterion type 2 2 2 1 1 3 3 
n 3 3 3 2 2 3 3 

Length of 
comparison 
interval (l) 

360 120 180 120 180 120 180 

Threshold value 
of D (D0) 

0.05 0.012 0.02 0.007 0.012 0.024 0.04 

Patient # 
(X) 

NX CX Score CX Score CX Score CX 
Sc
ore 

CX Score CX Score CX Score 

3 15 18 0 18 0 18 0 18 1 18 1 19 1 19 1 
5 14 13 4 13 4 13 4 12 4 12 4 13 4 13 4 
7 13 16 0 16 0 16 0 15 0 15 0 16 0 16 0 
12 13 16 0 16 0 16 0 15 0 15 0 16 0 16 0 
14 13 16 0 16 0 16 0 15 0 15 0 16 0 16 0 
18 14 17 0 18 1 18 1 17 1 17 1 18 1 18 1 
20 11 15 1 15 1 15 1 14 1 14 1 14 0 14 0 
21 10 13 0 13 0 13 0 12 0 12 0 13 0 13 0 
22 12 14 1 14 1 14 1 14 0 14 0 14 1 14 1 

Total score   6  7  7  7  7  7  7 
 

Table S1. Best performance scores among possible criterion formulations. For each patient X 
shown are the size of the smallest training set required to obtain an accurate predictive model, 
NX, determined retrospectively (2), the size of the training set required for the first satisfaction of 
the criterion within the algorithm, CX, and the corresponding contribution to the performance 
score, computed as |NX-(CX+n)|. For details see supplemental text. The best-performing criterion 
is highlighted in grey. 
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