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Introduction & Motivation
Kenyan Judiciary introduced Court Annexed Mediation 
(CAM) where:

• Civil cases assigned to court appointed mediators
• If mediation fails to reach a resolution, cases go to 

trial in front of a judge
• CAM enables faster case resolution, reduces 

administrative costs, and provides a less 
adversarial dispute-resolution process.

Current Mechanism:
• CAM officers assign mediators case-by-case at own discretion.
• Mediators licensed by court station and case type.
• Rules: accreditation + max 3 open cases per mediator
Observations and Shortcomings:
• 58% of cases return unresolved
• Success rates vary widely across mediators
• Mediator capability judged subjectively by CAM officers
• Capacity constraints often violated by substantial numbers

Mediator Capability Modeling:
• We use Value Added Model [1]
• Reveals substantial heterogeneity in mediator skills
• 1 SD increase in VA ⇒ 11 pp increase in probability of agreement

Objective
Our goal is to propose an automated case allocation system that:
• Maximizes case agreement rate while reducing mediator overload

Key questions:
• How much value do mediators add? 
• Historical data suggests agreement rate varies by mediators. Accurately assessing their contribution is 

crucial for making allocation choices.
• Mediator experiences can vary and new mediators can enter with no history
• Value added by mediators needs to be learned online
• As such, the system must trade off exploration and exploitation to find good mediators and utilize them

• Is there a benefit to holding back mediators occasionally?
• Capacity limits make mediator assignment a long-term tradeoff
• Greedy assignment isn’t always optimal under capacity limits
• High opportunity cost assignment: Mediators who can take cases in multiple (type-stations) cells should 

be held back in mediator-rich cells, allowing for better capacity management in mediator scarce cells. 

• How to allow inevitable constraint violations efficiently: 
• High case-volume may make capacity constraints impossible to maintain
• A  trade off exists between constraint violation and case resolution rate

We propose a novel allocation algorithm that deals with all 3 issues

• 𝜉𝑢 is a slack variable accounting for over-capacity assignments to mediator 𝑣 
• 𝜆 σ𝑢∈𝑈 𝜉𝑢

2
 term in the objective penalizes over capacity assignments quadratically

• This QP finds a solution that:
• Maximizes case agreement rate while getting penalized for  mediator overloads
• Can trade off agreement rate for better capacity management

𝑢 → a mediator
𝑣 → a case

𝑒 → 𝑢, 𝑣  pair
𝑥𝑒 →  assignment of 𝑒 

𝑈 → fractionalset of all mediators
𝑉𝑟 → set of all real cases

𝑉𝑠ℎ → set of all shadow cases
𝑇 → Time Horizon

𝜆 → Penalty multiplier, tunable
𝐿 𝑢 → CaseLoad of Mediator 𝑢
𝐶 𝑢 → Capacity of Mediator 𝑢
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Selecting Mediators that are Right for the Task (SMaRT)
Allocation:  With i) full knowledge of future cases, 
                                     ii) Knowledge of mediator true Value Addeds (VA), and
                                     iii) Relaxation allowing fractional allocations,
The allocation problem can be expressed with a QP.
To overcome imperfect knowledge of future arrivals: 
• Shadow cases (𝑉𝑠ℎ) are sampled from case-arrival distribution
• Represent likely arrivals over a 10-day planning horizon.
• Used to anticipate future demand and preserve mediator capacity for cases likely to arrive.

The QP then becomes: 
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Learning:
• Mediator case outcome histories are used to compute mediator VAs
• Bayesian posterior centered around VA point prediction provides a belief

• Low case history ⇒ more spread out and  less confident belief
• High case history ⇒ narrow and confident belief 

• Exploration vs. Exploitation: 
• Mediators  with short case history may have a high true VA
• Low 𝜆 and case-capacity constraint enforces some exploration
• Like Thompson Sampling, sampling 𝜇 from VA belief ensures exploration

3 variants of SMaRT depending on how 𝜇 in the QP is defined
1. SMaRT(GS): 𝜇 is the true Mediator VA. Intended as a benchmark where learning is not needed
2. SMaRT(E): 𝜇 is Mediator VA point estimations from the VA model; learning is enabled
3. SMaRT(S): 𝜇 is sampled from a VA belief distribution; learning is enabled and exploration is 

encouraged
Benchmarks: 1) Upper Bound: All cases go to best true VA mediator with no capacity constraint
2) Least Load: Cases go to mediator with least cases assigned
3) Greedy* and TS*: Modified Greedy and Thompson Sampling. Mediators at capacity are retired until other 
eligible mediators are equally overloaded.

Experiments
Stylized Scenarios

Mediator Value 
Added

1 0.1

2 0.05

3 -0.1

Table 2: Scenario 2 Results 

Figure 1: An example of case 
allocations (with known med 
VAs) in Scenario 1 by SMaRT

• Tradeoff: Agreement Rate ⟺  Overload
• Low 𝜆:  High Agreement Rate + More Overload 

for high VA mediators
• High 𝜆: Cases distributed more equitably + 

Agreement Rate is lower
• Tuning 𝜆: More ‘Greedy’ like, ‘Best Mediator’ 

like; or a hybrid in between
• Simulations are run 128 times for each setting, 

and the results are averaged Table 3: Known VA Table 4: VA learned during allocation

• Based on mediation data from Kenyan Judiciary collected during 2016-2025
• 30,633 cases; 2100 mediators across 13 case types and 87 Court stations
• Case arrival rates calibrated from data
• Case allocation simulated for a 1 year duration
• Mediator VAs calibrated from past data

1 Year of Real Case Data

• SMaRT(GS) outperforms Greedy*
• Low 𝜆 ⇒ Higher agreement rate, high 𝜆 ⇒ better capacity management

• Similar tradeoffs when learning from scratch:
• SMaRT(S) ⟺ TS* and SMaRT(E) ⟺ Greedy* 

• With warm start before learning:
• Exploration helps agreement rate (SMaRT(S) in general and SMaRT(E) at low 𝜆) 

Table 1: Scenario 1 Results 

Figure 2: Mean shadow price by mediator for varying 𝜆 
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