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Background
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• Monitoring the risk of transfusion transmission of infectious diseases are of critical 
importance to blood services, especially in settings where the burden of TTIs in the 
population is high

• Donor risk assessment and donation screening can minimise but not eliminate risk of TT

• Models of residual TT risk often do not align with the available data on the frequency of TTI 
transmission to recipients

• models generally overestimate risk



The standard model of residual transfusion transmission risk
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RR = incidence of the infection in the donor population x infectious window period

(probability per unit time of a donor acquiring the infection x average delay between 
onset of infectiousness and detectability of the infection)

• But,
• assessing the incidence of infection in donors can be complex (especially in first-

time donors)
• infectiousness and the probability of (not) detecting the presence of an infection 

are detailed functions of time
• potentially strongly correlated with one another, and
• potentially exhibiting significant inter-subject variability



Extending the model of Weusten et al. (2011) using a dose-response 
model of HIV infectiousness
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With NAT screening, key parameters of the model include:
• viral growth rate during initial ramp-up viraemia, usually assumed 

to grow exponentially (can be expressed as doubling time)
• infectiousness as a function of transfused dose (Belov et al.):
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• pool size (if not using ID-NAT)
• retesting regime
• 95% and 50% detection thresholds of the NAT assay
• transfused volume
The IWP is then the area under the joint probability of infectiousness 
and non-detection:
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Worst-case scenario estimates
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• Assume that a single virion in the blood product is guaranteed to cause infection

 18 

intervals for the infectious window period based on the 2.5th and 97.5th percentiles of the realized estimates 
obtained from the bootstrapping analysis, using the parameter distributions listed in eTable C1. Additionally, 
25,000 values of incidence were drawn from a truncated normal distribution bounded at [0,∞] with mean 
and variance as estimated from the data and multiplied with realized infectious window periods to obtain a 
set of residual risk values. 

eTable C1: Parameter estimates and distributions for uncertainty analysis 
Parameter Point estimate Distribution Reference 
Q$ 0.00025 fixed Arbitrary number 
S 0.8542 days m(0.8542, 0.00306) Fiebig et al. (2003)11 
I  0.02434 Γ(3.98547, 0.00678) Belov et al. (forthcoming)20; Ma et al. (2009)18 
`D$ 2.73 c/mL m(2.73, 0.1099802) Gen-Probe (2012)23 
`ED 12.33 c/mL fixed `ED: `D$ ratio Gen-Probe (2012)23 
Y*>?:@ (pRBC) 20 mL q(15, 50) Bruhn et al. (2013)24; Nguyen et al. (2016)25 
Y*>?:@ (FFP) 200 mL q(180, 300) Bruhn et al. (2013)24 

Worst-case scenario 

We additionally considered a worst-case scenario, in which a single virion was infectious – i.e. 2 RNA 
copies in the transfused product is guaranteed to lead to infection. This results in a step function for the 
probability of HIV transmission, which transitions to 1 at the time when the component is expected to contain 
1 virion. We further assumed that the average volume transfused for pRBC and FFP components were 
30mL and 250mL respectively, that the 50% LoD of the NAT assay was 5.3 RNA copies/mL (the upper 
95% confidence limit reported23), and that incidence in the post-implementation period was the upper bound 
of the 95% credible interval. The joint probabilities of transmission and non-detection under these 
assumptions are shown in eFigure C2, and the worst-case risk estimates in eTable C2. Note that our worst-
case estimate of the infectious window period for pRBC components of 8.81 days is similar to the window 
period from presumed infectivity to MP-NAT detectability of 9 days reported by Busch et al. (2005).19 

eFigure C2: Probability of HIV TT and non-detection (worst-case scenario) 

 
A: pRBC transfusion with transfused plasma volume of 30mL and infectiousness at 1 virion per transfusion. 
B: FFP transfusion with transfused volume of 250mL and infectiousness at 1 virion per transfusion. 



Application to NAT screening for HIV
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pRBC IWP
days (95% CI)

FFP IWP
days (95% CI)

MP16 NAT screening 4.49 (3.56–6.85) 7.33 (6.34–9.43)

ID-NAT screening 1.37 (0.78–3.20) 3.90 (2.82–5.69)

Worst-case scenario
(MP16 screening, volume 30mL, single virion infectious) 8.81

Worst-case estimate in line with earlier estimate of Busch et al. (2004)

Grebe et al., AABB, 2020.
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cases/10⁵ person-years

Grebe et al., Blood, 2020;136(11):1359–1367. 



Improving mechanistic models of infectivity
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• Bingham, Grebe & Welte reported a further generalisation of the Weusten model that accounts 
for inter-subject variability in infectiousness, and correlation between infectiousness and 
detectability

Introduction
Simplistically, diagnostic test sensitivity is often 
represented of as either a probability of 
detecting a case, or as a typical delay following 
acquisition when detection becomes likely.

In the context of blood safety, it is relevant that 
both the probability of triggering an infection,
and the probability of an infection being 
detected by a safety screening test are detailed 
functions of time.

In principle there is also some inter-subject 
variability in these functions as well as 
correlation of these variations.

Can the above observations be boiled down into
some simple insights, without having to account
for the many not-very-knowable mechanistic 
details? In other words, what does the 
generality itself imply for residual risk?

Methods
1. Represent individual subjects’ infection and 

detection probabilities as time-varying
functions.

2. Estimate risk as the joint probability of 
donation passing screening and causing an 
infection.

3. Incorporate flexible variability and 
correlation into the timing of infectiousness 
and detectability, and compare resulting risk 
estimates to the naïve ‘window period’ risk.

Title:
Subtitle

Full accounting of time dependence and 
inter/intra-subject variation of infectiousness 
and test sensitivity:
Implications for transfusion-transmitted risk estimates.

Results and Discussion

Figure 2: Estimates for the total risk, in risk-day equivalents, using the 
generic model. 

Adding inter-subject variation to an 
existing, partially-mechanistic model of risk 

under ID-NAT screening proposed by 
Weusten et al [1]:

Each infected individual has a viral 
replication rate and mean per-virion 
infectiousness.

Total risk is calculated as the sum of 
individual contributions, with various levels 
of correlation between per-virion 
infectiousness and viral doubling time.

Figure 3: The effects of variability and correlation 
between viral doubling time and per-virion 
infectiousness. Each color represents a hypothetical 
nucleic acid test, with analytic sensitivities of 2.5 (grey), 1 
(purple), 1/3 (orange), and 1/4 (green) relative to the 
Procleix Ultrio-Plus assay.

Incorporating more variability generally 
decreases the total risk. This effect is 
heightened for less sensitive assays.

Negative correlation between mean viral 
load doubling time and per-virion 
infectiousness results in less total risk, since 
more infectious donors become detectable 
more rapidly.

Conclusions
1. Generic model lets go of many simplistic assumptions used in previous models, but 

remains simple enough to explore in some depth.
2. Improving sensitivity offers diminishing returns on risk reduction.
3. Effects of variability differ between the general and partially-mechanistic models.
4. Results from the partially-mechanistic model improve the model’s alignment to 

available risk data, but behavioral explanations are still needed.
5. The effects of variability and correlation in the partly-mechanistic model are stronger

for less-sensitive tests.

1. Weusten, J., Vermeulen, M., van Drimmelen, H. and Lelie, N., 2011. Refinement of a viral transmission risk model for blood donations in seroconversion window 
phase screened by nucleic acid testing in different pool sizes and repeat test algorithms. Transfusion, 51(1), pp.203-215. 

2. Fiebig EW,  Wright DJ,  Rawal BD, et al. Dynamics of HIV viremia and antibody seroconversion in plasma donors: implications for diagnosis and staging of primary 
HIV infection, AIDS , 2003, vol. 17 (pg. 1871-9)

3. Grebe, E., Facente, S.N., Bingham, J. et al. Interpreting HIV diagnostic histories into infection time estimates: analytical framework and online tool. BMC Infect 
Dis 19, 894 (2019) doi:10.1186/s12879-019-4543-9

Risk estimates converge as the mean delay becomes 
large. In the most naïve model, when the delay is zero 
there is no residual risk. Under more realistic 
assumptions some risk remains and there are 
diminishing returns on improved sensitivity.

Adding variability to this generalized model causes an 
increase in estimated risk, particularly when the mean 
delay between infectiousness and detection is small.

Negative correlation leads to the highest risk estimates, 
but is unlikely to occur in practice, where something 
closer to perfect positive correlation would be expected.

Strong positive/negative correlation between the timing 
of infectiousness and the timing of detectability 
narrows/widens the region of usefulness for nuanced 
approach.

Jeremy Bingham1, Eduard Grebe2, Alex Welte1
1SACEMA, Stellenbosch University, South Africa, 2Vitalant Research Institute, USA
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Extending the standard model to account for correlation between 
infectiousness and probability of detection
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• Risk estimates converge as the mean delay becomes large. In the most naïve
model, when the delay is zero there is no residual risk. 

• under more realistic assumptions some risk remains 
• diminishing returns on improved sensitivity

• Adding variability to this generalized model causes an increase in estimated risk, 
particularly when the mean delay between infectiousness and detection is small

• Strong negative correlation between the timing of infectiousness and the timing of 
detectability increases total risk, but is unlikely to be the case in reality 



An alternative: estimating the infectious window period from operational 
data
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• It is possible to estimate the IWP from lookback investigation data, dispensing with 
mechanistic and semi-mechanistic models of infectiousness and (non-) detection, 
using a simple algorithm

• Worked example: imagine 100 repeat donors seroconvert with one confirmed 
transmission

• each donor had an inter-donation interval of exactly 105 days
• the least sensitive positive test has a ‘diagnostic delay’ of 10 days
• the most sensitive negative test has a diagnostic delay of 5 days
• adjusting the IDIs for the true period during which (detectable) infection could have

occurred leaves 100 days (105+5-10)
• the IWP is then 1% (1/100) * the shared IDI of 100 days, or 1 day



Estimating the IWP from operational data (2)
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Generalizing the above, we can treat transmissions as a Poisson process, and treat 
donors’ adjusted IDIs as ‘inverse exposure time’:

IWP =
𝑛

∑!,-. 1
𝐼𝐷𝐼!

Using the properties of the Poisson and Chi-square distributions we can derive a 95% 
confidence interval



Conclusions
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• Residual transfusion transmission risk models tend to overestimate risk relative to 
observed risk assessed through lookback investigations

• Mechanistic and partially mechanistic models can be improved, by
• letting go of simplistic assumptions
• better accounting for inter-subject variability
• accounting for correlation between infectiousness and probability of detection

• However, risk models remain hampered by limited experimental data on minimal 
infectious dose / per-virion infectiousness

• Use of operational (look-back) data may offer more realistic estimates of risk
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