
A	  simula)on	  study	  of	  age-‐mixing	  pa5erns	  and	  HIV	  
incidence	  (preliminary	  results)	  

	  
	  

Wim	  Delva	  
Jori	  Liesenborgs	  

Stéphane	  Helleringer	  
Niel	  Hens	  

	  

MIND	  THE	  AGE	  GAP	  



Why	  might	  ageing	  ma,er?	  
•  Age	  and	  1me	  are	  (perfectly)	  correlated	  
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Why	  might	  ageing	  ma,er?	  
•  Perfect	  age-‐assorta1vity	  is	  a	  trap	  for	  HIV	  
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Why	  might	  ageing	  ma,er?	  
•  HIV	  needs	  to	  find	  ways	  to	  stay	  “rejuvenated”	  
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Why	  might	  ageing	  ma,er?	  
•  A	  large,	  fixed	  age	  gap	  is	  not	  sufficient	  
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Why	  might	  ageing	  ma,er?	  
•  HIV	  needs	  varia1on	  of	  age	  gaps	  within	  a	  
person’s	  (infec1ous)	  life1me	  
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The	  Malawi	  cash	  transfer	  trial	  

Baird	  et	  al.	  Lancet	  2012	  

•  Community-‐randomised	  controlled	  trial	  

•  Cash	  transfer	  to	  girls,	  their	  families	  and	  schools	  

•  No	  direct	  targe1ng	  of	  sexual	  behaviours	  

•  Interven1on	  group:	  More	  likely	  to	  stay	  in	  school,	  
less	  likely	  to	  have	  partner	  of	  25yo	  or	  older,	  less	  
likely	  to	  have	  transac1onal	  sex	  

•  Weighted	  HIV	  prevalence	  at	  18mo:	  1.2%	  vs.	  3.0%	  



The	  Malawi	  cash	  transfer	  trial	  

HSV-‐2	  prevalence	  at	  follow-‐up	  	  HSV-2 Prevalence at follow-up by age and treatment status among baseline schoolgirls 

 

The chance that the differences in HIV and HSV-2 prevalence between the treatment and 

control group are due to a baseline imbalance is smaller than 0.003. So, what caused the program to 

have such a large impact on new infections of sexually-transmitted infections among adolescent girls 

and young women? The answer seems to be that the program not only changes the sexual behaviors 

that are usually targeted by ABC campaigns, but the makeup of sexual partners and the frequency of 

sexual activity as well. 

The program delayed the onset of sexual activity among program beneficiaries and reduced 

the number of partners among those who remained sexually active, but had no effect on condom 

use. The largest observed effect of the program on sexual behavior is on the number of coital acts: 

among the study sample sexually active at baseline and follow-up, the frequency of sexual activity 

was substantially reduced for program beneficiaries. However, the evidence suggests that these 

observed changes in self-reported sexual behavior account for less than half of the program’s impact 

on HIV. The rest is due to a change in the risk profile of sexual partners. Simulations indicate that 

HIV prevalence among male sexual partners of program beneficiaries is approximately 50% less 

than the rate among partners of young women in the control group. 

This is reflected in partner characteristics as reported by study participants. For example, it is 

well-known that older males are, on average, much more likely to be HIV positive than the male 

peers of schoolgirls. At the 12-month follow-up, the age gap between adolescent girls and their male 
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Individual-‐level	  analysis	  
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Figure 1: Age-disparity between female respondent and most recent male sexual partner at baseline 

 

Harling	  et	  al.	  JAIDS	  2014	  



Issues	  to	  be	  addressed	  

•  Effect	  of	  (altering)	  age-‐mixing	  pa,ern	  on	  HIV	  
incidence,	  over	  1me	  [and	  by	  gender	  and	  age]	  

•  Importance	  of	  hypersuscep1bility	  among	  
young	  women?	  

•  Individual-‐level	  (short-‐term)	  versus	  
popula1on-‐level	  (long-‐term)	  effects	  of	  age-‐
mixing	  pa,ern	  



Age-‐mixing	  pa,ern	  on	  Likoma	  Island,	  Malawi	  

11	  

Average	  age	  gap:	  4.0	  years	  
	  
Overall	  SD	  of	  age	  gaps:	  4.9	  years	  
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Age-‐mixing	  pa,ern	  on	  Likoma	  Island,	  Malawi	  
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Slope:	  
0.72	  [0.69	  –	  0.75]	  
	  
Between-‐subject	  SD:	  
1.5	  years	  [1.1	  –	  2.0]	  

Within-‐subject	  SD	  at	  18	  yo:	  
2.3	  years	  [2.0	  –	  2.6]	  
	  
Within-‐subject	  SD	  at	  49	  yo:	  
5.3	  years	  
	  
Power	  (W-‐s	  Variance):	  
0.24	  [0.19	  –	  0.30]	  

	  



Why	  Agent-‐based	  models?	  

•  Autonomy:	  agents	  make	  “their	  own	  decisions”	  
based	  on	  agent-‐specific	  and	  system	  state	  
variables	  

•  Heterogeneity:	  agents	  don’t	  all	  behave	  in	  the	  
same	  way	  

•  The	  system	  is	  not	  memoryless	  (e.g.	  HIV-‐
mortality	  rate	  increase	  with	  1me	  since	  
infec1on)	  



Events	  in	  Simpact	  
1.  Rela1onships	  forma1on	  
2.  Rela1onship	  dissolu1on	  
3.  HIV	  transmission	  
4.  Mortality	  
5.  AIDS	  mortality	  
6.  Concep1on	  
7.  HIV	  Diagnosis	  
8.  ART	  treatment	  dropout	  

9.  HIV	  seeding	  
10.  Interven1on	  

11. AIDS	  stage	  
12. Birth	  
13. Chronic	  HIV	  stage	  
14. Sexual	  debut	  
15. HIV	  infec1on	  monitoring	  
	  
	  
16. Periodic	  logging	  
17. Synchronize	  popula1on	  

sta1s1cs	  
18. Synchronize	  reference	  year	  
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Hazard	  func1on	  for	  rela1onship	  forma1on	  

hFij(x,t)	  =	  exp(	  
	  a0	  +	  
	  a1	  (eagernessi	  +	  eagernessj)	  +	  
	  a2	  |eagernessi	  –	  eagernessj|	  +	  
	  a3	  partnersi	  +	  
	  a4	  partnersj	  +	  
	  a5	  |partnersi	  –	  partnersj|	  +	  
	  a6	  (t	  –	  (tBi	  +	  tBj)/2)	  +	  
	  a7	  |(a8	  –	  1)	  tBi	  +	  tBj	  –	  Dpi	  –	  a8	  t|	  +	  
	  a9	  |(a10	  –	  1)	  tBj	  +	  tBi	  –	  Dpj	  –	  a10	  t|	  +	  
	  b	  (t	  –	  tr)	  

)	  
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hTij	  (x,t)	  =	  exp(	  

	  a	  +	  
	  b	  V-‐c	  +	  
	  W	  f1	  exp(f2	  (Aw_ry–Aw_debut))	  
	  )	  
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First,	  some	  toy	  examples	  



First,	  some	  toy	  examples	  
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First,	  some	  toy	  examples	  
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First,	  some	  toy	  examples	  
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The	  Reference	  model	  (~LNS	  data)	  
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AAD	  =	  3.9	  (4.0	  in	  LNS)	  
SDAD	  =	  5.6	  (4.9	  in	  LNS)	  
B-‐SDAD	  =	  1.7	  (1.5	  in	  LNS)	  
W-‐SDAD18	  =	  2.3	  (2.3	  in	  LNS)	  
Power	  =	  0.24	  (0.24	  in	  LNS)	  
Slope	  =	  0.72	  (0.72	  in	  LNS)	  
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Alterna1ve	  models	  
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Mainly	  B-‐s	  Varia)on	   Mainly	  W-‐s	  Varia)on	  

AAD	  =	  4.8	  (4.0	  in	  LNS)	  
SDAD	  =	  5.1	  (4.9	  in	  LNS)	  
B-‐SDAD	  =	  3.6	  (1.5	  in	  LNS)	  
W-‐SDAD18	  =	  1.9	  (2.3	  in	  LNS)	  
Power	  =	  0.14	  (0.24	  in	  LNS)	  
Slope	  =	  0.77	  (0.72	  in	  LNS)	  

AAD	  =	  3.9	  (4.0	  in	  LNS)	  
SDAD	  =	  5.6	  (4.9	  in	  LNS)	  
B-‐SDAD	  =	  0.8	  (1.5	  in	  LNS)	  
W-‐SDAD18	  =	  2.5	  (2.3	  in	  LNS)	  
Power	  =	  0.21	  (0.24	  in	  LNS)	  
Slope	  =	  0.73	  (0.72	  in	  LNS)	  
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Alterna1ve	  models	  

25	  

Slope	  ~	  1	   Larger	  offset	  

AAD	  =	  -‐1.4	  (4.0	  in	  LNS)	  
SDAD	  =	  4.7	  (4.9	  in	  LNS)	  
B-‐SDAD	  =	  2.1	  (1.5	  in	  LNS)	  
W-‐SDAD18	  =	  2.7	  (2.3	  in	  LNS)	  
Power	  =	  0.18	  (0.24	  in	  LNS)	  
Slope	  =	  0.94	  (0.72	  in	  LNS)	  

AAD	  =	  9.7	  (4.0	  in	  LNS)	  
SDAD	  =	  5.8	  (4.9	  in	  LNS)	  
B-‐SDAD	  =	  2.1	  (1.5	  in	  LNS)	  
W-‐SDAD18	  =	  2.2	  (2.3	  in	  LNS)	  
Power	  =	  0.24	  (0.24	  in	  LNS)	  
Slope	  =	  0.68	  (0.72	  in	  LNS)	  



Model	  recap	  
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LNS	  data	  

Reference	  model	  

Mainly	  B-‐s	  Var	  

Mainly	  W-‐s	  Var	  

Slope	  ~	  1	  

Larger	  offset	  



Challenges	  
•  Fipng	  to	  model	  to	  many	  pieces	  of	  data,	  but:	  

– Long	  run-‐1mes	  

– A	  large	  parameter	  space	  

– Summary	  sta1s1cs	  from	  different	  sources	  



Ac1ve	  Learning	  

28	  

1.	  Design	  of	  Experiments	  

4.	  System	  Understanding	   3.	  Surrogate	  Modelling	  

x1	   x2	   …	   xn	  
Run	  1	   0.5	   2.4	   …	   100	  
Run	  2	   0.5	   2.4	   …	   400	  
Run	  3	   0.7	   0.1	   …	   100	  
…	   …	   …	   …	   …	  

10	  000	   0.4	   1.7	   …	   500	  

2.	  Simula1on	  Model	  

input	   response	  

(Willem,	  S1jven,	  et	  al.	  2014	  PLoS	  Comput.	  Biol.)	  



Ac1ve	  learning	  &	  SIMPACT	  
•  Dataset	  

–  12	  input	  parameters	  
–  8	  output	  variables	  
–  Mean	  squared	  error	  from	  “targets”	  

•  Goal	  
–  Understand	  model	  behavior	  &	  improve	  model	  fit	  

•  Ongoing	  research	  
–  Total	  mean	  squared	  error	  is	  hard	  to	  predict	  
–  Predict	  output	  variables	  separately	  

•  Feature	  selec1on	  =>	  iden1fy	  driving	  parameters	  &	  reduce	  dimensionality?	  
•  Can	  we	  iden1fy	  parameter	  ranges	  with	  a	  predic)on	  uncertainty?	  

–  Adapt	  design	  of	  experiments	  

–  Predict	  mean	  squared	  error	  for	  each	  output	  variable	  
•  Feature	  selec1on	  =>	  iden1fy	  driving	  parameters?	  
•  Can	  we	  iden1fy	  parameter	  ranges	  with	  a	  high	  predicted	  error?	  

–  Adapt	  design	  of	  experiments	  



Ac1ve	  learning	  &	  SIMPACT	  

•  E.g.,	  Exponen)al	  growth	  rate	  
– Variable	  presence	  in	  surrogate	  models	  

=>	  Measure	  for	  variable	  importance	  

Out[332]=

Variable Presence Table
 Models % of Models Variable Meaning

1 276 100.0 x5 cfg_person_eagerness_dist_gamma_b
2 276 100.0 x4 cfg_person_eagerness_dist_gamma_a
3 276 100.0 x3 cfg_formation_hazard_agegapry_numrel_diff
4 184 66.7 x9 cfg_conception_alpha_base
5 155 56.2 x11 cfg_dissolution_alpha_4
6 100 36.2 x2 cfg_formation_hazard_agegapry_numrel_gender
7 46 16.7 x6 cfg_formation_hazard_agegapry_eagerness_diff
8 29 10.5 x10 cfg_conception_alpha_agewoman
9 25 9.1 x12 cfg_person_agegap_gender_dist_normal_mu
10 15 5.4 x7 cfg_formation_hazard_agegapry_gap_factor_gender_exp
11 15 5.4 x1 cfg_person_agegap_gender_dist_normal_sigma
12 2 0.7 x8 cfg_formation_hazard_agegapry_gap_factor_gender_age

Sample	  
more	  into	  
detail	  

Can	  be	  removed,	  
at	  least	  for	  the	  
exponen)al	  
growth	  rate	  (!)	  



Ac1ve	  learning	  &	  SIMPACT	  

•  E.g.,	  Exponen)al	  growth	  rate	  
Response	  predic1on	  plot:	  
=>	  predicted	  input-‐output	  behavior	  if	  all	  other	  parameters	  remain	  
constant	  
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Adapt	  experimental	  design	  to	  sample	  more	  in	  these	  regions	  


