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PREFACE

This report is submitted in partial fulfillment of the requirements for the Master’s programme in Econometrics
and Operations Research at Vrije Universiteit Amsterdam. The research is based on data from a mid-sized
law firm in the Netherlands and focuses on the simulation of workload and billable capacity. The objective is
to develop a tractable yet realistic modeling framework for evaluating different case acceptance policies. In
addition, the study investigates the optimal level of allowed monthly overtime that maximizes revenue from
overtime while accounting for exponentially increasing costs of overtime.

During the writing process, Writefull and ChatGPT were used to restructure specific sentences and to
suggest synonyms. All final interpretations and conclusions remain my own.

I wish to thank my supervisor prof. dr. Heidergott for his valuable guidance throughout the development
of my thesis. His conceptual insights were pivotal during the development and with his extended knowledge
on stochastic optimization, he answered my specific questions with great enthusiasm.
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0 ABSTRACT

ABSTRACT

Law firms operate under stochastic demand while facing capacity constraints, making case acceptance and
workload management critical operational decisions. This thesis develops a simulation-based framework to
evaluate case acceptance policies using real data from a mid-sized Dutch law firm. Client-level case arrivals
are modeled via a Negative Binomial process to capture overdispersion and client heterogeneity, while case
workloads and revenues are assigned based on fitted historical distributions. In addition, a billable capacity
simulation is constructed based on the historical workforce which takes contractual adjustments into account.

The framework compares acceptance policies under daily and monthly capacity constraints over a multi-
year horizon. Results highlight trade-offs between revenue generation and workload stability: unconstrained
acceptance maximizes revenue but causes unrealistic workload, whereas capacity-aware policies stabilize
workload at the cost of lower revenue. Introducing an allowed monthly overtime improves expected net
revenue, but only up to a finite threshold, as exponentially increasing overtime costs eventually outweigh
marginal gains. A reliable estimate of the optimal overtime level is determined with a symmetric finite-
difference estimator and an asymptotically unbiased confidence interval is provided with the non-overlapping
batch means scheme.

Overall, the study demonstrates how simulation-based decision support can quantify long-term trade-offs
between revenue and capacity under uncertainty. While abstracting from certain operational complexities,
the framework provides a flexible and extensible foundation for evaluating case acceptance policies in legal
services and possibly other professional service organizations.



1 INTRODUCTION

INTRODUCTION

1.1 PROBLEM STATEMENT

Law firms have historically been slow to adopt new technologies and integrate advanced analytical tools into
daily operations [18]. Despite evidence that technology can improve efficiency, enhance case management,
and support effective client communication, many firms continue to rely on manual and human-intensive
workflows. This reluctance is often driven by leadership hesitancy, uncertainty about the effectiveness of
new technologies, or concerns regarding the profitability. As a result, law firms are typically not proactive in
optimizing internal processes or systematically identifying and capturing new business opportunities.

At the same time, the legal environment is getting increasingly complex. The volume of regulatory in-
struments in the Netherlands continues to grow [4], European legislative activity is expanding [13], and the
European legal services market is projected to increase from $257.48 billion in 2025 to $301.69 billion in
2030 [12]. This combination of rising regulatory complexity and market growth places additional pressure
on law firms to make timely and well-informed decisions regarding which cases to accept or reject. These
developments underscore the need for systematic, data-driven approaches to case acceptance.

Evaluating case acceptance policies requires reliable demand forecasting and realistic capacity modeling.
However, to the best of our knowledge, there are no publicly available demand forecasting or capacity models
specifically developed to the operations of a law firm. By extension, there are no simulation-based frameworks
that assess the performance of different case acceptance policies in this context. The problem addressed in
this thesis is characterized by stochastic case arrivals and dynamically evolving capacity constraints. Because
acceptance decisions directly affect future workload, capacity utilization, and revenue under uncertainty, the
performance of acceptance policies cannot be evaluated analytically. Instead, it must be assessed through
simulation-based experiments that explicitly account for stochastic demand and capacity.

1.2 RESEARCH QUESTIONS
To address these challenges, this thesis investigates the following research questions:

RQ1. How can stochastic case arrivals and their associated workloads be simulated in a realistic yet tractable
manner?

RQ2. How do different case acceptance policies affect the trade-off between revenue generation and capacity
utilization over a five-year simulation horizon?

RQ3. What level of allowed monthly overtime maximizes overtime revenue with an exponentially increasing
monthly overtime cost, when simulating over a five-year horizon?

1.3 STRUCTURE

The remainder of this thesis is organized as follows. Section 2 reviews the relevant literature on marked
point processes and the different acceptance policies. Section 3 describes the dataset used for the analysis.
Section 4 presents the methodological framework, including demand forecasting, capacity simulation, ac-
ceptance policies, and stochastic approximation. Section 5 provides an exploratory analysis of intermediate
results and introduces additional design choices in Section 5.4. The main findings of the study are reported
in Section 6. Sections 7 and 8 contain the discussion and conclusion, respectively. Finally, Section 9 lists all
references, and Section 10 consists of the supplementary materials.



2 RELATED WORK

RELATED WORK

This section reviews related literature on marked point processes and demand forecasting under capacity
constraints. Together this literature forms the methodological foundation for the simulation framework de-
veloped in this research. The section closes by mentioning the contribution of this research from an academic
and a commercial perspective.

2.1 RELATED WORK

2.1.1 Marked point processes

In many real-world applications, arrivals are characterized by more than just their inter-arrival times. For
example, inbound calls may be associated with the waiting times, while hospital visits include information
on length of stay. Such additional attributes are essential for constructing realistic simulation models and
effective decision-support systems. For law firms, cases are more often described by key characteristics such
as workload, generated revenue and department, rather than their arrival date. This motivates the use of
marked point processes, which extend traditional point processes by associating each arrival with additional
information (marks), such as size, type, or value.

Zeller and Scherer [20] apply marked point processes to model cyber risk, where idiosyncratic cyber events
(independently affecting individual firms) are represented as separate inhomogeneous Poisson processes, and
systematic risk (affecting multiple firms simultaneously) is captured through event marks encoding severity
and the set of affected firms. Their work illustrates the flexibility of marked point processes for modeling
complex arrival data in which both event dependencies and attributes play a critical role.

Mancini and Paganoni [11] study the application of marked point processes to model hospitalizations of
heart failure patients. In their framework, the authors research the temporal dynamics of hospital admissions
with a mark representing the length of hospital stay. The constructed marked point process could allow
hospitals to model the admissions of patients beforehand, improving capacity planning of staff and beds.

2.1.2 Demand forecasting with capacity constraints

In operational environments with limited resources, arrival modeling must be integrated with resource plan-
ning to support effective decision-making. This is particularly relevant in professional and emergency services,
where both demand and available capacity are subject to stochasticity.

The study of Schuetz and Kolisch [15] is closely related to our problem. They consider a setting in which
service providers must accept or reject booking requests from different customer classes. Their objective is to
maximize profit while accounting for class-specific revenues, cost of overtime, and refunds for cancellations
and no-shows. These revenues and costs are derived from the underlying appointment schedule. The problem
is formulated as a continuous-time Markov decision process and solved using simulation-based approximate
dynamic programming. An experimental investigation is done on the booking of patients with a fixed capacity
to investigate the effectiveness of the proposed model. The optimal policy increased number of examinations
by 9% and the average profit by 6.9%.

Barros, Weber, and Reveco [1] demonstrate that demand for emergency healthcare services can be fore-
casted with high accuracy using data-driven methods, with support vector regression outperforming in terms
of predictive accuracy. Based on these forecasts, the authors develop capacity management logic that com-
bines demand predictions with stochastic simulation to evaluate staffing and resource configurations. The
resulting framework supports cost—benefit analyses of service quality improvements and resource allocation
decisions and has been successfully implemented in a major pediatric hospital in Chile.
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Similarly, Solomon et al. [16] examine multi-period stochastic resource planning in professional service
organizations. By modeling sequential decision-making under uncertain project demand and supply uncer-
tainty as a Markov Decision Process and applying approximate dynamic programming, they derive policies
that dynamically allocate capacity and determine outsourcing needs. Their approach yields improvements in
both profitability and resource utilization relative to traditional methods, however they do face computational
challenges for larger projects.

These studies contain a methodological foundation for integrating stochastic arrivals, demand forecasting,
and capacity constraints within simulation-based decision frameworks.

2.2 CONTRIBUTION

The literature indicates that data-driven and operations-research oriented studies focused specifically on the
legal sector remain limited. In line with the historically slow adoption of new technologies, a lot of research
is done on the implementation of Al and other technology in the law firms [5, 6, 14]. In addition, current
research for law-firms focuses on predicting the judges decision in trails [8, 10].

The primary contribution of this thesis is the application of different acceptance policies to real opera-
tional data from a mid-sized Dutch law firm. In particular, this work attempts to develop a tractable simula-
tion framework that models stochastic case arrivals, including associated revenue and workload, alongside a
capacity model that explicitly incorporates contractual adjustments as well as the hiring of new employees.

Beyond its academic contribution, the proposed framework offers practical value for law firms and maybe
other professional service organizations seeking to evaluate case acceptance policies and explore trade-offs
between revenue generation and capacity utilization under uncertainty. As several modeling assumptions are
required to ensure tractability and to remain within the scope of this study (see Section 7), the framework is
designed as a flexible decision-support tool rather than a fully automated solution.



3 DATA

DATA

The data originate from the day-to-day operations of a mid-sized law firm where this research is conducted.
It consists of timekeeping logs, relational database records, and HR data. From these sources, a dataset was
constructed where each row represents a time registration, including information on the case, client, and
employee. The final dataset contains 1,652,281 rows spanning the period from 2017 to 2025.

Some illustrative rows of the dataset are presented in Table 1: the first three rows of the dataset, the first
row corresponding to a vacation activity, and the first row corresponding to a sick leave. To ensure privacy
and avoid revealing sensitive information, employee, case, and client (ultimate parent) names have been
anonymized. Similarly, the revenue values and hours in the table have been randomized. Section 4.4 offers
more on the randomization of the results.

As shown in Table 1, the analysis is conducted at the ultimate parent level, rather than at the individual
client level. This aggregation offers several benefits: more cases are grouped together under each parent,
which allows distributional parameters per client to be estimated with higher precision. In addition, compu-
tation time is slightly reduced because the required variables per client are calculated fewer times. For brevity,
the term client will henceforth be used to refer to the ultimate parent entity.

Non-billable activities, such as vacation or sick leave, have revenue equal to zero, as expected. Some rows
contain missing values in the CASE CREATED and FTE columns. Table 2 summarizes the number of missing
values per variable. Missing CASE CREATED and FTE values are addressed using the techniques introduced in
Section 4.

DATE  ACTIVITY PARENT  CASE CREATED CASE EMPLOYEE FTE HOURS REVENUE (€)

2017-01-01 Bill P1 2016-06-07 C1 El 1 5.8 1,282.00
2017-01-01 Bill P2 - C2 E2 - 0.3 150.50
2017-01-01 Bill P3 2016-11-18 C3 E3 0.8 0.1 41.50
2017-01-02 Vac P4 2012-03-11 C4 E4 1 8 0
2017-01-02 Sick P4 2016-01-15 C5 E5 - 8 0

Table 1: Example rows of the prepared dataset.

Variable = Number of missing values

DATE 0
ACTIVITY 0
PARENT 0

CASE CREATED 20,196
CASE 0
EMPLOYEE 0

FTE 455,644

HOURS 0
REVENUE (€) 0

Table 2: Number of missing values per variable in the dataset.
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METHODOLOGY

This methodology section covers the techniques used to construct the simulation model. In Section 4.1,
the demand forecasting model is covered, which results in a marked point process where each arrival has
an arrival date, a revenue and a size. Section 4.2 introduces several steps and considerations to simulate
the monthly billable capacity. In Section 4.3 four different acceptance policies are described by formalizing
conditions on which arrivals are accepted based on the billable capacity. To conclude, Section 4.4 discusses a
simple technique to ensure sensitive information is not leaked.

4.1 DEMAND FORECASTING

4.1.1 Arrival process

From the related literature, it is evident that a variety of stochastic processes have been employed to model
the arrival of events, such as inbound calls of customer service, hospital visits, cyber risks [7, 11, 20]. This
can also be applied to the arrival of legal cases. A commonly used framework for modeling such count data is
the Negative Binomial distribution. This model accounts for overdispersion, where the variance exceeds the
mean, which is observed in the historical arrival of cases of the law-firm (Appendix Figure 24).

Specifically, we have a discrete time model for each client, where each period represents the number of
case arrivals in a month. A time-frame of a month is used; a smaller timeframe causes to many months with
zero arrivals, while a larger timeframe would aggregate too much arrivals, obscuring meaningful patterns in
the arrival behavior. Clients with less than a total of 10 cases are filtered out, due to insufficient data for
parameter estimation and hypothesis testing. For each client the Negative Binomial succes probability p and
dispersion parameter r are fitted. To assess the goodness-of-fit of the model, the non-parametric Monte Carlo
Kolmogorov—Smirnov test is used to determine whether the empirical and simulated arrival distributions differ
significantly.!

The probability mass function of the Negative Binomial distribution is given by

k+r—1

Mx:m:( .

)(1—p)’< ", ke, M
where p € (0, 1) denotes the success probability and r € R* is a dispersion (or shape) parameter.

The dispersion represents the difference between the variance and expectation of a random variable. The
parameter r governs the degree of dispersion in the Negative Binomial. From the standard expressions for
the mean and variance of the Negative Binomial, the dispersion can be computed:

rAp) k) = FA2RC

r(1—p)
’ p? p?

E[X]= Var[X] = 2

Smaller values of r imply stronger overdispersion.

Empirical evidence (introduced in the exploratory analysis Section 5) from the arriving cases indicates
that the total number of arrivals across the firm, as well as the majority of individual clients with more than
10 cases, closely follows a Negative Binomial distribution. This observation is supported by goodness-of-fit

tests and visual comparison with empirical histograms. Consequently, the arrival process for each client is
modeled using a Negative Binomial distribution with parameters fitted to historical monthly arrival counts.

1A specific application of the test, where the goodness of fit of a Gamma-Poisson mixture model for a call center is checked, is shown
in Jongbloed and Koole [7].
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4.1.2 Marked point process

While modeling the number of arrivals provides insight into the frequency of cases, it does not capture any
additional characteristics associated with each case. To simulate the law firm in a more realistic setting, we
construct a marked point process. The arrival process described in the previous section is a standard point
process, which represents a marked point process when auxiliary information is attached to each arrival. In
our context, these marks are the revenue and size of the arrived case. The size represents the total number
of billable hours of the case. It is important to note that both revenue and size are simulated a priori, even
though in practice they are not observable before case completion.

Similar to the arrival process, we fit distributions to each auxiliary variable to formalize the sampling
space and the associated probabilities. The marginal distributions are based solely on closed cases, defined
as cases with no activity for more than 18 months (see Appendix Figure 25 where is shown that only 3% of
the cases have a gap of more than 18 months where nobody worked on the case). Only taking into account
the closed cases prevents including cases that are still in progress and therefore have no representative size
and revenue. The exploratory analysis shows that both revenue and size are approximately lognormally
distributed (Figure 2). In addition, we fit a joint distribution of case size and revenue based on historical
data with mean vector i and covariance matrix %. This is done by applying a natural logarithm to both
variables and fitting a bivariate Gaussian to these log-transformed variables, showcasing the high correlation
between revenue and size. This relationship is intuitive, as larger cases typically generate higher revenues
under hourly billing models.

It could be argued that the arrival process and the marks (revenue and size) are correlated: clients with
more cases may generate larger and higher-revenue cases. Indeed, Appendix Table 4 shows a significant
monotonic positive relationship between the number of cases per client and both revenue and size. To main-
tain simplicity, however, the marked point process is modeled such that the arrival process is independent of
the marks, indicating that the number of arrivals does not influence the size or revenue of the cases. Conse-
quently, this modeling assumption disregards client dynamics, where more cases could lead to more complex,
higher-revenue cases.

The fitted bivariate Gaussian is independently sampled, exponentiated, and attached to each simulated
arrival from the Negative Binomial model. With this action, the simulated case a now also accommodates a
case revenue R, and case size S,,.

4.1.3 Workload

The arrival process yields a monthly number of arrivals dependent on the client characteristics. However,
in practice, demand should be considered in a daily resolution instead of a monthly. To bridge this gap, the
monthly arrivals are disaggregated into daily values using an imputation heuristic based on historical weekday
patterns. Specifically, the historical distribution of arrivals across weekdays is used to allocate proportions of
the monthly total to each day in the corresponding month, thereby preserving the observed weekly structure.?

Let .¢/,, denote the total number of arrivals in month m, and D,, the set of all days in that month. Fur-
thermore, let

fn ={fmataen, 3

denote the historical arrival chance on each day d in month m. Then, the arrival dates for the .«/,, cases
are sampled independently from the categorical distribution defined by f,,. Formally, for each arriving case
a € ./, the arrival day z, is drawn as

2, ~ Categorical(D,,, weights = f,,), a&€ .o,. 4

Each simulated arrival a is now represented by a day of arrival z,, case size S,, and revenue R,. In
practice, the case is worked on in a stochastic manner starting from the arrival date, depending on factors
such as the client relationship, availability of the lawyer, and the nature of the case. For simplicity, the
distribution of worked hours per case is assumed to follow the same distribution as the historical workload
profile, represented by the function G4_, , where d —z, > 0 represents the number of days since the start date
of the case. It will be shown that G;_, approximately follows an inverse square root distribution.

Let W, ;, 4 denote the workload in hours on case a on day d > z, in month m. This is computed as

Wa,m,d = Gd—zu : Sa’ (5)

2A simple averaging of arrivals across years for each month would incorrectly inflate arrivals on weekend days, which typically have
few or no arrivals.

10
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where G,_, represents the fraction of the case size S, allocated to day d —z, since arrival. By construction,
these fractions satisfy >z, Ga—s, = 1, ensuring that on the entire case size is worked over all the days since
2, Zdz,za Womd = Sa-
Similarly, the revenue of each case can be disaggregated across the days it is worked on. The daily revenue
for case a on day d > z, in month m is
Ra,m,d = Gd—za 'Ra' (6)

The overall daily workload profile is obtained by summing the individual case workloads:

Wm,d = Z Wa,m,d' (7)

ac.df,,

4.2 CAPACITY SIMULATION

This section outlines the framework used to approximate the historical capacity and to simulate the future
capacity of the law firm.

4.2.1 Historical capacity

To quantify historical capacity, preliminary data cleaning is required. Among the 527 employees, only about
half (203) have a recorded contractual workload, i.e., full-time equivalent (FTE). Informed imputation is
constructed to approximate the FTE of employees with unknown FTE.

This imputation relies on two components: (1) the total number of worked hours of employee i in month
m, denoted by > ;cq, Wi 4> and (2) arandom draw O™ from the fitted empirical distribution of monthly
overtime. The latter accounts for realistic overtime behavior for the employees with an unknown FTE (and
therefore no known overtime). The empirical distribution of overtime is estimated from employees with
known FTE, taking into account contractual FTE changes within a month. Specifically, an effective FTE is
computed via a weighted average over working days before and after any contractual adjustment:

———(kn 1
FIE, o " = —— > FTEX™, ®)
’ |Qm| deQ,, T

where Q,, is the set of working days in month m. The overtime of employee i in month m is given by:
———(known)
Opn= D Wimg—H- Q| -FTE ", ©
deD,,

where H = 8 denotes the standard number of working hours per full-time day. Note that the overtime could
also be negative, which indicates that the employee worked less than their contractual workload. The overtime
formulation aggregates worked hours across all days in the month (including weekends) and remains robust
to the allocation of worked hours in a month.?

For employees with unknown FTE, a synthetic FTE value is generated each month by combining the
observed worked hours and the sampled overtime:

(10)

Z W -0 (sample)
i deD,, "Vi,m,d
FTE ™Y = max (0, :

The clipping at zero ensures that negative FTE values are prevented when the sampled overtime exceeds
observed hours. This imputation is recomputed each month to reflect variability in work intensity.

The historical monthly capacity (in hours) is then approximated by summing over each employee in the
set of employees J and multiplying by the standard number of working hours in a day H:

. —(kn :
cli0 = - (FTE " +FTES"?), 1n

i€d

where FTE®™"™ and FTE(™""* represent the observed and imputed FTEs, respectively.

3Theoretically, the employee with 1 FTE could work 24 hours each day in the first week of the month and then take leave for the rest
of the month, resulting in excessive daily overtime but zero monthly overtime.

11
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Not the entire capacity can be allocated to case work: employees get sick, go on vacation and undertake
non-billable work such as meetings, performance reviews, and coffee breaks. The capacity of employee i in
month m can be decomposed as:

(hist) _ -~ (hist, BILL) (hist, NB) (hist, VAC) (hist, SICK)
Cim =Cim +Cim +Cim +Cim , (12)

where the superscripts denote billable work (BILL), non-billable work (NB), vacation (VAC), and sickness
(SICK). Aggregating over all employees yields the firm’s total monthly capacity:

(hist) _ (hist) __ ~(hist, BILL) (hist, NB) (hist, VAC) (hist, SICK)
cli = > ¢ = ¢ + Chist NB) 4 +c : (13)

i€J

4.2.2 Future capacity

The simulation of future capacity begins by taking the final month of the historical period as the baseline, de-
———(known,

noted by m,. The corresponding set of employees and their observed (FTEi’mO )) and imputed (FTESﬁfmed))
full-time equivalents, serve as the initial information for the simulation.

To emulate contractual adjustments in workload, FTE changes are stochastically generated. Only a rel-
atively small fraction of employees underwent a change in FTE, denoted by v, consequently only for that
fraction FTE changes are simulated. For each employee i, samples are drawn from a fitted empirical distribu-
tion of the number of days between historical FTE changes, denoted by K.

For each simulated FTE change event, a new FTE value is drawn from the empirical distribution of observed
FTEs. The draw is performed using weighted sampling, where the employee’s previous FTE receives zero
weight to ensure that an actual change occurs. Let 7 = {t;,...,ty} denote the set of unique observed FTE
levels, and let |T;| be the number of historical records with FTE equal to t;. Also, let FTEEp ") denote the
current FTE of employee i. The new FTE is sampled according to

|TJ | ﬂ{tj#FTEEprev)}

P(FTE™ = t; | FTE"”) = 14)

= — .
Zk:l Tl ﬂ{fk;éFTE?"eV)}

Between two simulated change events, the FTE remains constant. This approach yields a simple yet plausible
representation of contractual adjustments.
The simulated capacity of the firm for m > m is defined as:

CEr = H > FTE; 4. (15)

i€J

This formulation ensures that future capacity evolves through simulated contractual adjustments while re-
maining consistent with the empirically observed distribution of FTEs.
Based on the observed ratio of billable to total worked hours, the scalar ¢ ™ is computed:

(hist, BILL)

(BILL) _ “m
¢ - C (hist) (16)
m

The simulated daily billable capacity in month m on day d is computed by ¢ ¥ = ¢ ®ILL) . ¢ (uture) "rpe

m,d
sequence of the billable capacity boundary is referred to as € ®re BILL) | This quantity represents a boundary
of the maximum number of billable hours that can be allocated on a given day.

The psuedocode for the capacity simulation is presented in Algorithm 1.

12
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Algorithm 1 Simulation of future capacity

1: Initialize set ¢ futwreBILL) ¢ »> ¢ fuwreBILL) geores daily billable capacity Crslﬁgure’BILL)
2: for each employee i € J do
e 1 === (known) i .
3: Initialize FTE, ,, « FTE, o™ or FTEU™ D if yunknown
»Mg i,mg i,mg

4: if Random(0, 1) < v then
5: Sample the number of FTE change events from the empirical distribution K
6: for each FTE change event do
7: Sample FTEgnew) according to Equation (14)
8: end for
9: Forward-fill all simulated FTEfnew) values over all days
10: end if
11: end for
12: for each month m € M with m > m, do
13: for each working day d € D,, do
14: if d € Q,, then
15: Compute total daily capacity: Cr(nf’“;“re) —H-Y,FTE; 4
16: else
17: Cu 0
18: end if
19: Compute billable capacity: Ctg"gure’mm — @B . Ctg’hgure)
20: C(future,BILL) - C(future,BILL) U { C;f,thiture,BILL)}
21: end for
22: end for
23: return C(future,BILL)

In the following section, we design acceptance policies that take into account both the daily demand W,,, 4

and the billable capacity constraint ¢ BILD,
m,d

4.3 ACCEPTANCE POLICIES

In the demand forecasting framework, the workload demand is referred to as W,, 4, and the available billable
capacity is simulated to produce a boundary € e BILL - When demand consistently exceeds this capacity,
employees face sustained overtime which may result in elevated stress levels and discontent. This suggests
that not every arriving cases can or should be accepted. Constructing a suitable acceptance policy is therefore
imperative to systematically judge an incoming case. The set of admitted cases is denoted by .</.

4.3.1 Policies

This study evaluates four acceptance policies. Policy O serves as a theoretical upperbound in which all arrivals
are indiscriminately accepted. Policy I enforces a hard daily capacity boundary. Policy II relaxes this assump-
tion by applying a more realistic hard monthly capacity boundary. Finally, Policy III introduces a soft monthly
capacity boundary, controlled by an overtime allowance slack variable 6.

Policy 0. Accept all (baseline). Under this policy, all arrivals are accepted. This policy serves exclusively as
a baseline for comparison and evaluation of the more restrictive policies below. The results will
indicate that this policy is unattainable in practice.

Accept case d. a7

Policy I. Hard daily capacity policy. Cases are accepted as long as the daily billable capacity is not exceeded:
Accept case d if Z Wy ma < Cr(nﬁgure’ BID v, d. (18)
a’e.d/U{d}

From the dynamics of the policy, it is expected that the workload trajectory resembles a sawtooth
pattern. The workload should contain intermittent peaks at the daily capacity and troughs just
below it as a result of the predetermined hour-distribution mechanism (following Equation (5)).

13



4.3 Acceptance policies 4 METHODOLOGY

Policy II.

Policy III.

Hard monthly capacity policy. Cases are accepted as long as the total workload for the month does
not exceed the monthly billable capacity:

Accept case d if Z Z Wy < Z cluure BILL -y, (19)
deD,, g'e/U{a} deD,,

This policy permits daily overtime as it is naturally compensated by lower workloads elsewhere
in the month. Since cases are accepted until the monthly boundary is reached, acceptations will
tend to cluster at the beginning of the month. This is expected to produce a single sawtooth for
each month where the peak is above the daily capacity boundary at the start of the month and
afterwards the workload steadily decreases until the end of the month where it ends below the
boundary.

Soft monthly capacity policy. This policy introduces a tunable parameter 8 > 0 that governs the
maximum permitted monthly overtime across the entire firm. A case d is accepted when:

Accept case d if Z Z Warma < Z Cr(nﬁgure’ BID 19 Vm. (20)
deDy, a'ed (6)u{a} deDy,
Setting O > 0 recovers Policy 0, while 6 = 0 reduces Policy III to Policy II.

Whenever a case is accepted and the monthly workload exceeds capacity, the overtime hours and
the corresponding overtime revenue is tracked. The monthly overtime for case d@ in month m is:

Oy = max (0, DT> Wama— , clue B‘LL)). (21)

deDy, a'ea(0)0{a} deDy,

The revenue generated by overtime in month m by case d is then:

0-
oT am
Ry =" 2, Rama 22)
ZdEDm amd geD,
with the daily revenue is scaled by the fraction of case d’s workload that occurs during overtime.

After the simulation is finished, the set of all accepted cases .«/(6) is known, in addition to the
quantities O, ,, and R((IO"P corresponding to each accepted case. The monthly overtime is:

On(0)= > Oppm. (23)

aed(6)

This monthly overtime is financially compensated. The marginal discontent and fatigue associated
with overtime is unlikely to grow linearly: an extra hour beyond the monthly capacity is far less
burdensome than, for instance, the 50th or 100th extra hour. To capture this effect, monthly
overtime is penalized as a convex exponential cost function, ensuring that monthly overtime
becomes disproportionately expensive with more overtime:

B,y(6) = Bo(eX @ —1), 24)

where B, > 0, and x > 0. The subtraction of 1 ensures zero cost when O,,(6) = 0.

Finally, the net revenue from overtime (also referred to as the net revenue) is summed across all
months in the simulation:

NROD(0) = >’ [ > Rg?,?—Bm(e)], (25)

m>mp - ge./(6)

where .¢/(0) is the set of accepted cases under condition (20). The parameter 6 is optimized to
maximize the expected net revenue across simulation runs.*

4Optimization is necessary due to the convex cost function. A linear overtime penalty would reduce the problem to a trivial rule:
accept all cases whose revenue per hour exceeds the hourly financial compensation, and reject the rest.
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4.3 Acceptance policies

4 METHODOLOGY

The pseudocode implementing these four policies is provided in Algorithm 2.

Algorithm 2 Simulation pseudocode

R N

e I o e
S A A O o e =

NN NN NNND N
R N A i R T

W W W
@ n e

W W
SANA

B N N N N RS )
DR 0 ®® A

46:
47:
48:
49:

_
2 0

)
2 e

w
A

Select acceptance policy P € {Policy 0, Policy I, Policy II, Policy III}
Initialize accepted set A « @

Initialize optimization set X « @ if P = Policy III

Simulate future billable capacity using Algorithm 1

. . . (future, BILL)
Define daily capacity Cod

Compute monthly capacity C{*" Bt =37

procedure GENERATECASE(a, m)
Sample log-case size and log-revenue: (InS,,InR,) ~ N(u, X)
Transform to original scale: (S,,R,) = (exp(InS,),exp(InR,)).
Sample arrival day: z, ~ Categorical(D,,, weights = f,.).
Allocate daily workload for case a: W ;g = G4—, 'S, Vd = z,.
Allocate daily revenue for case a: Ry, 4 = G4—, ‘R,, Vd =z,.
return (W, 4, Ry m.a)-

(future, BILL)
Cm d

: end procedure
: for each month m € M with m > m; do

for each client n € N do
Sample number of arrivals A, ,,, ~ NB(r,,, p,)
fori=1toA,, do
(Wom.d> Ram.a) < GENERATECASE(d, m)
Daily workload W,, 4 < > 0c 406 Warm.d
Compute monthly workload: W,, =", en, Wina-
if P = Policy 0 then
A—Au{a}
else if P = Policy I then
if W, q < Co P ¥d € D, then
A— Au{a}
end if
else if P = Policy II then
if Wm < C’guture, BILL) then
A« Au{a}
end if
else if P = Policy III then
ifw,<cC rglf“t“re’ BILL) 1+ 6 then
A—Au{a}
if Wm > C};future, BILL) then

. . : __ ~(future, BILL)
Compute overtime amount: O, < min (W&,m7 W, —C, )

Compute overtime revenue: Rg?r:) — % ‘Rim

else ’
Ozm<0
ROD o

end if

X XU {(& O m, RO}

end if
end if
end for
end for
end for

return accepted set A
return optimization set X if P = Policy III

The parameter 6 from Policy Il which maximizes the expected net revenue is found with stochastic ap-
proximation (SA). A separate section is dedicated to the mathematical modeling of the SA method, as it is
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4.3 Acceptance policies 4 METHODOLOGY

not trivial.

4.3.2 Stochastic approximation

The net revenue objective NR©©D(0) is a stochastic quantity, as multiple components of the demand forecast-
ing and capacity simulation rely on random draws from underlying probability distributions, resulting in a
complex system. Consequently, NR(°T(0) admits no closed-form expression and can only be evaluated via
simulation. As a result, classical deterministic optimization techniques are not directly applicable.

The parameter 6 represents the total monthly allowed overtime that the employees may take. To de-
termine the optimal parameter 6* that maximizes the expected net revenue across simulations, we employ
stochastic approximation. Stochastic approximation methods are specifically designed for optimization prob-
lems in which the objective function is observed with noise and its analytical form is unknown. Instead of
requiring exact objective evaluations or gradients, SA iteratively updates the parameter estimates using noisy
observations obtained from repeated simulations. Each evaluation of NR°"(8) requires running the full de-
mand forecasting and capacity simulation, which are computationally heavy. A key reason for selecting SA
in this setting is its efficiency under such a limited computational budget. Appendix Section 10.9 reports the
computational burden associated with obtaining the results for the different policies.

Mathematical model. The stochastic approximation framework follows the structure and notation of Vazquez-
Abad and Heidergott [19]. We consider a maximization problem, where the objective is the expected net
revenue and the problem is constrained to a 1-dimensional hypercube ©:

maxE[NROP(0)], © =[Opin, Omax)> (26)
0O

A stochastic approximation algorithm is defined by the recursion projected onto the hypercube:
0,01 =g (6,+¢,Y,), n=0,and 6, €O (27)

where 6, is the starting value at iteration 0. In addition, ¢, denotes the step size at iteration n, and Y, is an
observable noisy estimator of the target vector field G(8,), which corresponds to the gradient of the expected
objective. The projection I1g(x) ensures that the updated value 6, remains within the interval [ 6, Omax -

The feedback depends on an underlying stochastic process that captures all randomness affecting the
simulation outcome, denoted by &,. The feedback is written as:

Y, = ¢(&,(6,),6,). (28)

The random variables &, and &' represent independent realizations of the simulation randomness, obtained
from separate simulation runs at the same 6,. In this study, Y, is constructed using a symmetric finite-
difference estimator (also known as the Kiefer-Wolfowitz approach [9]):

v NROD(E,, 6, +¢c,) —NROD(&!,6,—c,)

s 29
n 2¢, (29)

where c, is a decreasing perturbation sequence controlling the finite-difference step size. This estimator pro-
vides a noisy approximation of the gradient direction, enabling iterative ascent towards the optimal parameter
0*. Intuitively, a higher net revenue for the "+c,,"-term compared to the "—c,"-term suggests that the objective
function increases with 6,,, motivating the "+" in front of ¢,,Y,, in Equation (27). Furthermore, with this choice
of estimator Y,,, one can see that the perturbation 6, — c, becomes negative if 6, < c,. As the overtime cost
is only defined for positive values of allowed overtime, the hypercube has domain © = [c,, ©0).

Well-posedness. For the problem to be well-posed, the objective E[TNR®T(0)] must be differentiable with
respect to 0. For any fixed realization of the simulation, NR(®T)(8) is generally not differentiable, since the
net revenue depends on the indicator in Equation (20). Small perturbations of 6 may change the acceptance
decision and thereby generate kinks in the realized objective.

Such kinks arise only when the acceptance rule switches between accepting and rejecting an arrival. This
occurs when workload+arrival workload = capacity+6, which is an informal representation of Equation (20).
At such realizations, a small change in 6 may alter whether the arrival is accepted or rejected. Away from
these switching points, perturbations in 8 do not affect the acceptance decision and therefore do not change
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4.3 Acceptance policies 4 METHODOLOGY

the realized net revenue. Discontinuities thus occur exclusively at realizations where the acceptance decision
changes between 6 —c,, and 6 +c,,.

Under the assumption that the joint distribution of workload and arrival workload are continuous dis-
tributions, the probability that the above equality holds exactly is zero for any fixed 8. Hence, the set of
realizations at which NR®T(8) is discontinuous has probability zero. Although the objective is not differen-
tiable for individual realizations, these discontinuities disappear after taking expectations.

So, under the conditions that ensure the objective is locally bounded, the derivative of the expected net
revenue E[NR(®T(0)] exists and is finite. Consequently, the expected objective is differentiable in 6, and the
finite-difference stochastic approximation scheme is justified, since it approximates a well-defined gradient
of the smooth expected objective.

Convergence. To establish convergence of the projected stochastic approximation algorithm, regularity con-
ditions following Vazquez-Abad and Heidergott [19] are imposed. First, the hypercube © is made convex
and compact. This is achieved by introducing an upper bound M and restricting the parameter space to
© = [c,, M]. The upper bound M is selected to be sufficiently large.®

The step-size sequence {¢,} is chosen as ¢, = % with g, are constant, which satisfies the condition

2
Zzo €, = 00. Furthermore, the condition Zzo% < oo (see Assumption 4.2 in Bhatnagar, Prasad, and

Prashanth [2]) must be satisfied. With assumption that c, is decreasing in n and of the form (ni—"m:
0o .2 =) 2 2¢ 2 oo
n n+1 ) 80
Ya-2e) () -2 s @

The series converges if 2(1 —¢) > 1, so ¢ < 1/2. We additionally assume that the target vector field G is
continuous on ©, and that the trajectories of the projected ODE

dx(t)

= (IeG)(x(1)), x(0)e€®, (31)

have a set of asymptotically stable points S # .

Under these assumptions, Theorem 4.1 of Vazquez-Abad and Heidergott [19] states that the shifted in-
terpolated process associated with {6,} converges almost surely, as n — oo, to a solution of the projected
ordinary differential equation (31). In particular, if 8* is the unique asymptotically stable equilibrium of the

projected ODE, then 6, SN

Common random numbers. In the SA, variance reduction techniques are critical to obtaining stable pa-
rameter estimates. One widely used method is the application of common random numbers (CRN). In this
study, CRN are employed to reduce the stochastic variability introduced by the capacity and demand simula-
tion components of the model. Specifically, the simulation of FTE changes over time, the FTE associated with
new hires, the number of arrivals of big clients and the associated size and revenue are all stochastic variables.
If each iteration of the SA algorithm were to use independently generated randomness for these components,
the resulting gradient estimates Y,, would blow up, especially due to the large values of NR©©D (&, 0,).

By using common random numbers, the same sequence of random draws is applied to the capacity sim-
ulation and demand forecasting for NR©P(&,,6,) and NR©P(&’,6,) within a given iteration. This ensures
that the realized trajectory is identical for different perturbations of the acceptance policy, isolating the effect
of the policy itself. Consequently, differences in net revenue NR©P(&, 6, + c,) and NR©P(&’,6, —¢,) can
be attributed almost exclusively to the acceptance policy. This controlled variance allows the SA algorithm to
produce more stable gradient estimates, improving convergence behavior.

Output analysis. The sequence {0,} exhibits serial dependence, since each 6, depends on the previous
parameter 6,_,. After convergence, the post-convergence iterates are expected to fluctuate around the optimal
value 6* and follow an approximately symmetric distribution, which is frequently well-approximated by a
normal distribution. However, naively constructing a confidence interval using the standard deviation of the
marginal of {6,} under the assumption of independence would underestimate the true uncertainty, because
serial correlation inflates the variance of the mean value.

5Based on initial findings, M is set to 1,000,000.
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4.4 Randomization 4 METHODOLOGY

To address this issue, we employ the non-overlapping batch means (NOBM) scheme proposed in Steiger
and Wilson [17]. In this approach, the post-convergence sequence {6, }_, 41 is divided into k batches, each
of size m, such that the total number of post-convergence observations satisfies N. = k - m. The batch means
are then computed as

im
0, = Z Onijp i=1,...k (32)

j=(—-1)m+1

To ensure that the batch means can be treated as approximately independent, we test them using a lag-1
correlation criterion; if the lag-1 autocorrelation of the batch means is less than 0.2, the batches pass the test.
The batch size m is iteratively increased until the independence test passes, following the recommendations
of Steiger and Wilson [17]. Once the batch means satisfy the independence criterion, a standard confidence
interval for the mean of 6, is constructed using the sample variance of the batch means.

4.4 RANDOMIZATION

The data used in this study originates from the day-to-day operations of a law firm and is therefore com-
mercially sensitive. As a result, confidentiality must be ensured throughout the presentation of results. No
reporting is performed at the individual client, case, or employee level beyond the anonymization already
applied in Table 1. All other results are therefore presented exclusively in numerical or aggregated form.

Controlled disclosure of numerical data can be achieved in several ways. One approach is to create a
synthetic data generator that preserves the internal structure and dependencies between variables. While
methodologically sound, this approach falls outside the scope of this thesis. A second option is direct ran-
domization of observed values, however, this would distort the structural relationships in the data. A third
option is resampling from the estimated underlying distributions, but this would still reveal distributional
properties of sensitive variables.

Therefore, a simple randomization strategy is adopted. For each figure, table, or standalone metric that
may be considered sensitive, the reported values are multiplied by a randomly drawn scalar. The scalar is
drawn from an unspecified distribution with unspecified parameters. This transformation obscures values
and underlying distributions while not impacting the relative relationships, trends, and structural patterns in
the data. As a result, the analysis remains qualitatively valid, while preventing disclosure of commercially
sensitive information.
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5 EXPLORATORY ANALYSIS

EXPLORATORY ANALYSIS

This section is dedicated to the intermediate results. It includes initial findings of the demand forecasting
in Section 5.1, followed by a trend and seasonality analysis in Section 5.2 and concluding with the capacity
planning Section 5.3. Based on the preliminary results, supplementary methods are introduced in Section 5.4
to ensure a consistent balance between simplicity and realism in the model.

5.1 DEMAND FORECASTING

5.1.1 Marked point process

The arrival model that we have selected is the Negative Binomial, which can account for overdispersion in
the data. Figure 1 illustrates the results of the Negative Binomial simulation and the cumulative distribution
function (CDF) of the Monte Carlo KS test p-values to substantiate this modeling choice. In Figure la, the
observed monthly arrival distribution is shown alongside the simulated arrivals. Simulations were performed
by fitting the Negative Binomial parameters for each client with more than 10 total arrivals (referred to as big
clients) and generating monthly arrivals equal to the number of months in the observed data. The Negative
Binomial distribution across all clients appropriately follows the observed monthly arrivals for low number
of monthly arrivals, and the tails of the simulated and observed monthly arrivals are roughly similar. As the
Negative Binomial parameters are fitted on each client individually, the Monte Carlo KS test is also performed
individually. Each test yields a separate p-value and Figure 1b shows the CDF of p-values, where one can see
that roughly 85% of the clients have a p-value larger than 0.05. Because the majority of clients do not reject
that the underlying distribution is a Negative Binomial, for simplicity, the clients that reject it are also treated
like they have an underlying Negative Binomial distribution.

B Observed
Simulated

p-value = 0.05

o
©

0.6

0.4

Cumulative proportion of clients

— 0.0

4 6 8 10 70.0 0.2 0.4 0.6 0.8 1.0
Monthly arrivals per client p-value
(a) Observed and Negative Binomial simulated arrivals for each (b) P-value CDF of Monte Carlo KS test, using 250 bootstrap sam-
client. Only clients with more than 10 arrivals are shown and ples.

fitted.

Figure 1: Substantiation of the claim to model the arrival process as a Negative Binomial distribution.

The marks that will be attached to the arrival process are the revenue and the size of the case. Figure 2
shows the density plots and fitted curve of revenue (Figure 2a) and size (Figure 2b) for closed cases. Both
the revenue and size distributions of closed cases shown in Figure 2 approximately follow a lognormal dis-
tribution. Normal Q-Q plots, shown in Appendix Figure 26, are made after applying a natural logarithm to
both variables. One can see that both empirical distributions have heavier tails than a normal distribution and
both Jacque-Bera tests for normality indicate to reject the hypothesis that the data is normally distributed.
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5.1 Demand forecasting 5 EXPLORATORY ANALYSIS

However, the bulk of the data aligns reasonably well with the normal Q-Q line, indicating that a log trans-
formation makes the central part of the distribution approximately normal. The deviations in the tails reflect
extreme cases, which can not be modeled well due to their scarcity. Based on these insights, we will assume
that the case revenue and size can be modeled as lognormal distributions without significant loss in generality.

[ KDE plot
1 KDE plot (bwgju = 0.1)

A Az —— Fit: LogNormal(shape = 1.31, location = 0, scale = 10.79)
0.00025 —— Fit: LogNormal(shape = 1.28, location = 0, scale = 2, 676.27) 0.06 /

0.00020

=
7 0.00015
(=1
k3
a

0.00010

0.00005

0-000007 5K 10K 15K 20K 25K 30K 35K 0 20 40 60 80 100 120 140

Case revenue (€) Case size (hours)
(a) Case revenue: KDE plot with lognormal fit. (b) Case size: KDE plot with lognormal fit.

Figure 2: Lognormal fits for revenue and size of closed cases. A 95% quantile cut-off is applied for both plots for clarity.

Under the assumption that both the size and revenue are lognormally distributed, a joint distribution
can be built that retains the observed dependence between the two variables. Figure 3 displays the observed

combinations of exponentiated case revenue and size for all closed cases, alongside 10,000 samples generated
from the fitted bivariate Gaussian.®

o Observed
Sampled

Revenue (€)
.
v

Size (hours)

Figure 3: Revenue and size of closed cases, in addition to the sampled cases from the fitted joint distribution. Both axes
are shown on a logarithmic scale for clarity.

5.1.2 Workload

The simulated monthly arrivals per client must be allocated to specific days within each month. To achieve
this, we recall the historical distribution of case arrivals across weekdays. Figure 4a shows that cases rarely
arrive during weekends. To reflect operational realism, any historical arrivals that occur on Saturdays or Sun-
days are moved to the following Monday, resulting in the adjusted distribution shown in Figure 4b. For each
month, this adjusted weekday distribution is replicated across the month to convert the simulated monthly

arrivals into daily arrival counts. An example of the resulting daily weights for January 2025 is provided in
Appendix Figure 27.

5The sample values are also rounded to 1 and 2 decimals for size and revenue, respectively, to match the granularity of the empirical
data. This quantization is reflected in the vertical ’stacking’ for lower case sizes in Figure 3.
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Figure 4: Share of case arrivals across weekdays , where between figure (a) and (b) the cases in the weekend are
relocated to Monday.

A new case is generally not solved within the same day, due to the existing workload of the lawyers and
the typical size of a case (~ 50 hours). Therefore, the size of the case is spread across multiple days. Figure 5
shows the average proportion of hours worked starting from the arrival case for closed cases. Based on the fit
and the size of the arrival, an estimation can be made for the hours worked on the case each day. Appendix
Figure 28 shows that for large values of days since case arrival the fit follows the empirical distributions well
with a coefficient of determination R? of 0.96. There is a slight upwards drift which may be caused due to
the minimization being biased by the high variance for small values of days since case arrival.

Observations
0.06 Fit: % + ¢ (a=0.03,b=0.46,c= —7.41 x 10 ')
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Days since case arrival

Figure 5: Average weighted hours distribution with fitted shifted inverse square root function. The weighted average is computed by
adding the worked hours across all clients for each day from case arrival.

The duration from case start to case close is shown in Figure 6. Most cases last less than 50 days, while
some case took more than 5 years to complete. On average, the case duration is roughly 200 days.
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Figure 6: Duration of closed cases.

5.2 TREND AND SEASONALITY

Two clear upward trends are visible in the historical data: one in the revenue per case over time and one in
the number of employees over time. The revenue per case, shown in Figure 7, has increased by approximately
60% since 2017, partly due to inflation adjustments and partly due to non-inflationary price increases.” No

7The cumulative inflation from 2017 to 2025 in the Netherlands is 34.5% [3]. This indicates that about 25% is due to non-inflationary
price increases.
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structural seasonality is detected.

Linear fit: Revenue per case = 11.36¢+2113.75

Revenue per case (€)
- N w
= N, w w
A AR A A A A
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Figure 7: Time series of revenue per case. A linear trend is fitted using ordinary least squares, where ¢ is the month.

The number of employees is represented by the number of individuals with billable hours in a given
month. As shown in Figure 8, the employee count exhibits a modest positive trend, corresponding to roughly
one additional employee per quarter. Again, no structural seasonality is detected.

100 Linear fit: Employees =0.15¢+76.3

50 : i i : ‘““M“
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Figure 8: Time series of the number of employees. A linear trend is fitted using ordinary least squares, where ¢ is the
month.

5.3 CAPACITY PLANNING

The FTE is the key component in determining the capacity of the law firm. The FTE of more than half of the

employees is unknown. These blanks are imputed using Equation (10), where the overtime sample Q(s2™Pe)
is drawn from Figure 9.
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Figure 9: Overtime distribution KDE plot with sampled.

The imputed FTE, together with the known FTE, allows for approximation of the historical capacity. The
imputed FTE values, combined with the observed contractual FTE values, enable an estimated reconstruction
of the historical capacity. For forward-looking capacity simulations, expected contractual FTE adjustments are
explicitly incorporated. Figure 10a displays the empirical distribution of FTE values, while Figure 10b shows
the distribution of the number of days between contractual FTE changes. A Gamma distribution is fitted to
the latter to support realistic sampling of future contractual adjustment intervals. However, the Gamma fit is
imperfect, presumably due to the relatively small sample size (only 216 historical FTE changes). Since the
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number of days between adjustments may take any value in practice, realistic sampling is prioritized over
obtaining an optimal statistical fit. According to the data, around 16% of the total number of employees in
the firm underwent contractual changes.
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(a) Distribution of observed FTE values across employees. For clar- (b) Empirical distribution of days between FTE changes.

ity, FTE values that occurred less than 5 times are omitted.

Figure 10: Empirical distributions related to employee workload characteristics.

In practice, only part of the capacity can be allocated to billable work. A simple approximation is made to
determine the billable capacity, which entails computing the average proportion billable work relative to all
worked hours. In Figure 11b it is shown that the proportion billable work relative to all worked hours remains
relatively constant at 40%, with some dips due to the vacation periods shown in Figure 11a. Therefore, ¢ ')
(from Equation (16)) is set to a fixed 40% of the capacity.
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(a) Monthly distribution of hours by activity.
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(b) Monthly share of total hours by activity, expressed as percentages.

Figure 11: Time series of absolute (top) and relative (bottom) time type composition.

5.4 SUPPLEMENTARY METHODS

Based on the exploratory analysis, several additional steps are taken to accurately simulate the future.

1. Number of arrivals. Estimates are only calculated for clients with at least 10 cases. Clients with fewer
than 10 cases, referred to as small clients, total about 70 clients; each, on average, generating one new
case per month. To account for these small clients, 70 fixed arrivals are added each month alongside
the stochastic arrivals of the big clients. Moreover, the case sizes are distributed across days according
to Figure 5, whereas the cases in the historical data are worked in a stochastic manner. Thus, the
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simulation exhibits lower variance compared to the historical figures. Peaks in simulated workload are
further dampened when case sizes are spread across more days. This reduced variance prevents the
total (accepted and unaccepted) workload from exceeding the billable capacity. In addition, historical
arrival data reflect only accepted cases, as data on rejected cases is unavailable. The simulated monthly
arrivals are increased by a substantial 100% to create an environment which allows for exploration of
different acceptance policies.

2. Closed and open cases. The joint distribution is based on the closed cases. However, due to several
general cases with an extreme number of written hours and revenue, the sampled revenue and size
does not match with the historical averages. To correct for this mismatch, the sampled revenues and
sizes are rescaled so that their average aligns with the historical average of both closed and open cases.

3. Hours distribution truncation. The hours distribution of Figure 5 inverse square root fit will be truncated.
This reduces computational intensity and increases variance in simulated workload. The truncation is
done at 200 days since case arrival, following the average case duration shown in Figure 6. Normaliza-
tion is performed to maintain that 100% of the case is distributed.

4. Revenue per case trend. Due to the upwards trend in the historic revenue per case (as shown in Figure 7),
the sampled revenue is scaled by the slope of the trend. As the bivariate Gaussian is based on the
revenue per case of the full history (Figure 3), the sampled revenue per case is centered around the
average historical revenue per case. Due to the linearity of the trendline, the sampled revenue is based
on the average between the starting date and ending date of the history time series, namely January
2021. For each simulated month, the number of months between January 2021 and the simulated
month is computed and multiplied by the slope of the trendline to account for the upwards trend in
revenue per case.

5. Number of employees trend. On average, one employee joins each quarter (Figure 8). Therefore, each
quarter in the simulation an employee is also added to the group of base employees.

6. FTE changes. The percentage of employees that initiated a contractual change in FTE is 16%. Therefore,
for the simulation also the contractual changes are simulated for also only 16% of the employees.

7. Overtime cost function. The parameters B, and x in Equation (24) are determined using reference
points instead of estimation because the cost of overtime, especially the discontent and fatigue are not
quantifiable as a economic cost. The simulation assumes a workforce of approximately 200 employees.
Dividing total monthly overtime O,, by this workforce of 200 provides an estimate of overtime per
employee.

As a first reference point, we consider a scenario with five hours of overtime per employee per month,
corresponding to O,, = 1,000. At this level, the marginal cost of overtime is assumed to be approx-
imately €50 EUR per employee, reflecting gross labor costs including salary, employee benefits, and
fixed overhead. This implies a total monthly overtime cost of approximately €50,000 EUR.

As a second reference point, we consider ten hours of overtime per employee per month, corresponding
to O,, = 2,000. At this level, overtime is assumed to have a marginal cost equal to twice the cost at
one hour overtime per employee, so €100 EUR, totaling to a monthly overtime cost of approximately
€200,000 EUR at O,, = 2,000.

The parameters B, and k are selected to provide a close approximation to these reference points. Fixing
Kk = 0.001, we can find B, = 30,000 which provides a reasonable fit. Table 3 shows the overtime cost
for different overtimes. Beyond 20 hours overtime per month per employee the cost has significantly
outpaced the revenue generated from the overtime.
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Est. MO / employee Total MO  Total MO cost  Est. MO cost / employee  Est. MO cost / employee / hour

(hours) (hours) €) €) (€ / hour)
1 200 6,642 33 33

2 400 14,755 74 37

5 1,000 51,548 258 52

10 2,000 191,672 958 96

15 3,000 572,567 2,863 191

20 4,000 1,607,945 8,040 402

25 5,000 4,422,395 22,112 884

Table 3: Cost of monthly overtime (MO) with B, = 30,000 and k = 0.001 for several levels of overtime. The estimated
overtime per employee is computed assuming a workforce of 200 employees.
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6 RESULTS

RESULTS

This section presents the results of the simulation model, including both historical in Section 6.1 and sim-
ulated outcomes in Section 6.2. Historical workforce and arrival data are first described, followed by the
results for the four acceptance policies.

6.1 HISTORICAL RESULTS

The base number of employees in the simulation is determined by the workforce in the month preceding
the start of the simulation. For each employee, FTE values are sampled from the observed distribution, and
contractual adjustments are modeled using a Gamma distribution. To account for the observed upward trend
in the workforce over time (Figure 8), one additional employee is added at the start of each quarter.

Figure 12 shows the simulated and historical monthly capacity. The historical capacity display variation in
capacity due to inflows and outflows of employees over time. The simulated capacity exhibits a slight upward
trend, driven by the net inflow of employees, which becomes noticeable in the later years of the simulation.
The baseline workforce remains fixed, and only quarterly additions are modeled, with no outflow. As a result,
simulated capacity evolves more smoothly than the historical series. A daily resolution for 2025 is provided
in Figure 29 in the Appendix, highlighting differences between weekdays and weekends.
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Figure 12: Capacity with a monthly resolution. Simulation starts on January 1, 2025.

Figure 13 illustrates that historical workload rarely exceeds the defined billable capacity. It should be noted
that also the historical billable capacity is set at 40% of total capacity and does not reflect actual operational
limits for historical periods. In practice, when workload exceeds expected billable capacity, employees can
postpone non-billable work in favor of billable tasks.
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Figure 13: Daily historical workload with a monthly billable capacity boundary from 2017 until the end of 2024.
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6.2 SIMULATION RESULTS

Simulation results are presented for each of the four acceptance policies. For Policies 0, I, and II, a realization
of the simulation is shown. In addition, histograms of the key metrics (arrivals, workload, revenue) are
provided to illustrate the mean and variance induced by the stochastic simulations. Appendix Section 10.8
shows the realization of the simulation together with the historical results for each policy to allow comparison
between historical observations and simulated cases.

The coefficient of variation (CV) is used to fairly compare the variability between policies with different
means. The CV of policy P and metric m is computed as:

o
CVpp = ZBm
°

Pm

(33)

6.2.1 Policy 0: Accept all

Under Policy 0, all arrivals are accepted. Figure 14 shows that workload frequently exceeds the defined ca-
pacity boundary. The simulated monthly arrivals exceed observed arrivals due to the 100% artificial increase
applied to the scenario, as described in the supplementary methods Section 5.4. At the start of the simulation,
a burn-in period of approximately one year is observed. This occurs because the hours distribution is spread
over 200 days, resulting in lower workload in the initial months while arrival workloads accumulate. Evi-
dently, the workload is unmanageable in practice, as the capacity is continuously exceeded, forcing employees
to work persistent overtime.
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Figure 14: An individual simulation run with Policy O for a 5-year period. This simulation contains 21K accepted cases,
resulting in 925K hours of workload and € 262M EUR in total revenue. See Appendix Figure 30 for comparison with
historical data.

Figure 15 illustrate the mean and the variability of the total simulated arrivals, revenue, and workload
induced by the stochastic nature of the simulation. Over a 5-year simulation horizon, on average, the simu-
lation accepts 20.3K arrivals, netting €259M EUR and 0.91M hours of workload. The variance of about 5%
from the mean shows that the variability between runs is low. This is expected since the simulation horizon
is relatively long with around 20K accepted arrivals, which reduces the variance in the outcome. The CV of
the metrics are: 0.0141, 0.0146, 0.0145, for arrivals, case revenue and size, respectively.
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Figure 15: Distribution of arrivals, case revenue, and size under Policy 0 over the 5-year simulation period for 200 runs.

A normal distribution is fitted on the data.
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6.2.2 Policy I: Hard daily capacity boundary

Policy I enforces a strict daily limit on accepted cases; a new case @ is accepted only if adding its workload
does not exceed the daily billable capacity (Equation (18)). This ensures that daily workload never exceeds
capacity, strictly preventing daily overtime. However, some capacity may remain unused if arrivals are un-
evenly distributed across the month. As a results, the monthly billable capacity might not be fully utilized.
Figure 16 shows one realization of the simulation under Policy I. The realization makes it clear that the the
monthly billable capacity is amply used; a consequent of the high arrival rate shown in Figure 14.
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Figure 16: An individual simulation run with Policy I for a 5-year period. This simulation contains 19K arrivals, resulting
in 691K hours of workload and € 202M EUR in revenue. See Appendix Figure 31 for comparison with the historical data.

Figure 17 presents the histograms of arrivals, revenue, and size. Policy I imposes a capacity restriction,
whereas Policy 0 does not. Consequently; it is expected that all performance metrics under Policy I are weakly
lower than under Policy 0. Indeed, the simulations yield on average 19.8K arrivals, €199.5M in revenue, and
0.68M hours of workload.

In addition to lower means, Policy I exhibits lower variance relative to the mean. The coefficients of
variation (0.0125, 0.00975, and 0.00913 for arrivals, revenue, and workload, respectively) are all smaller
than the corresponding values under Policy 0. This reduction in relative variability is consistent with the
imposed capacity restriction. By limiting the number of accepted cases, the policy effectively restricts extreme
realizations that would otherwise occur under the unrestricted regime. As a result, both the mean and variance
of the outcomes are reduced.
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Figure 17: Distribution of arrivals, case revenue, and size under Policy I over the 5-year simulation period for 200 runs.
A normal distribution is fitted on the data.

6.2.3 Policy II: Hard monthly capacity boundary

Policy II applies a monthly acceptance limit, accepting new cases only if monthly demand does not exceed
the available capacity, as described in Equation (19). This approach ensures that monthly workload remains
within capacity while allowing flexibility in daily distribution. Figure 18 illustrates a realization of the simu-
lation under this policy. As expected, the monthly billable capacity is respected in a specific structure; at the
start of the month the workload surpasses the billable capacity while at the end of the month the workload
dips below the billable capacity.
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Figure 18: An individual simulation run with Policy II for a 5-year period. This simulation contains 16K arrivals, resulting
in 699K hours of workload and €198M EUR in revenue. See Appendix Figure 32 for comparison with historical arrivals.

Figure 19 presents the histograms pertaining to the arrivals, revenue and size of individual simulations
across a horizon of 5 years. On average, the simulations produce 16K arrivals, netting €196.7M EUR and
0.69M hours of workload. The number of arrivals and revenue is slightly smaller than Policy I, while the
average workload is slightly larger. The CV of the metrics are: 0.0128, 0.0101, 0.00919, which are similar
to Policy 1.

The metrics of the policy with daily capacity limit (Policy I) and monthly capacity limit (Policy II) are
similar, compared to the differences between Policy 0, because both Policy I and Policy II are constrained by
the same total capacity over the simulation horizon. In addition, the arrival process and samples from the
distributions are time-independent, so a monthly capacity constraint instead of a daily one does not have a
significant effect on the outcome of the total number of arrivals, revenue and workload.
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Figure 19: Distribution of arrivals, case revenue, and size under Policy II over the 5-year simulation period for 200 runs.
A normal distribution is fitted on the data.

6.2.4 Policy III. Soft monthly capacity boundary

Policy III accepts a new case d only if the resulting monthly workload does not exceed the billable capacity
by more than a parameter 6, as formalized in Equation (20). Any workload exceeding the monthly billable
capacity incurs an overtime cost according to Equation (24). The objective is to determine the optimal allowed
monthly overtime 6* that maximizes the expected net revenue from overtime. The optimization is done with
a stochastic approximation heuristic, in particular a gradient descent where the gradient is estimated by the
symmetric finite-difference estimator (see Equation (29)).

Parameters. The stochastic approximation is done for two configurations to validate the convergence. To
ensure almost sure convergence of the stochastic approximation algorithm (see Section 4.3.2), we set the
finite-difference decay parameter to ¢ € {%, %}. Empirical pilot runs indicated that smaller values of ¢
reduce the perturbation size c, too slowly relative to the number of iterations executed, whereas larger values
cause c, to decay too rapidly, leading to unstable gradient estimates.

Careful selection of the initial values 6, ¢y, and g, is required. If 0, becomes excessively large, both
perturbed simulations (6, % c,) may accept all incoming arrivals. While this would not be problematic under
independent simulation runs, the use of common random numbers implies that both perturbations experience

29



6.2 Simulation results 6 RESULTS

identical arrivals, revenues, and workloads. In this case, the finite-difference estimator Y, collapses to zero,
preventing meaningful gradient updates.

Based on the pilot runs, we select ¢, = 100, ¢, = 0.8, which yield stable updates. The two configurations
are evaluated with (6, ¢) € {(1,000; %), (2,500; %)}. Following Section 5.4, the cost function parameters
are B, = 30,000 and x = 0.001.

Convergence. We now evaluate the convergence behavior and stability properties of the stochastic approx-
imation procedure. Figure 20a illustrates the evolution of the parameter sequence {8, } over the course of the
stochastic approximation. The trajectories show rapid convergence toward a stable solution, corresponding
to an estimate of the optimal allowed monthly overtime level 6. The sequences of both trajectories stabilize
to around 6 = 2,430 after approximately 600 iterations. After stabilization, 8, fluctuates weakly around this
value, with the algorithm continuously correcting decreasing stochastic deviations from 6.

To present the mean and variability of the converged solution, Figure 20b displays the empirical distri-
bution of 6, for n > 600. A normal distribution is fitted to these post-convergence observations, yielding an
estimated mean 6 = 2,430 and standard deviation of o = 5.31 for 6, = 1,000 and o = 3.88 for 6, = 2,500.
The normal fit is used for descriptive purposes rather than as a formal asymptotic approximation. Recalling
that both standard deviations are too optimistic due to the serial correlation of {6, }, we determine the con-
fidence interval based on non-overlapping batched means (NOBM). The trajectory with 8, = 2,500 passes
the independence test for m = 14, while the trajectory with 6, = 1,000 does not pass the test for any m.
Therefore, a two-sided 95% NOBM confidence for the optimal value of 6, is only set up for the trajectory that
passes the test of independence:

Cly05(016, = 2,500) = [2,427.94; 2,431.41]. (34)

The narrow confidence interval indicates that the stochastic approximation procedure yields a statistically
precise estimate of the optimal policy parameter, with 6 = 2,430 lying in a tight neighborhood of the true
optimum.
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(a) Stochastic approximation sequence of the allowed monthly (b) Empirical distribution of 6,, after convergence (n = 600) for
overtime parameter 9, over 1,250 iterations for both configura- both configurations, with fitted normal density.
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Figure 20: Convergence behavior of the stochastic approximation algorithm for Policy III under the parameter combi-
nations (6, = 1,000; ¢ = %) and (6, = 2,500; ¢ = é), with ¢, = 100 and ¢, = 0.8.

Appendix Figure 33 illustrates a representative simulation path for 6 = 2,430. Comparing the workload
trajectory of Policy III (Appendix Figure 33b) with that of Policy II (Appendix Figure 32b), the overall tem-
poral pattern remains structurally similar, reflecting the similar acceptance logic. However, Policy III exhibits
systematically higher workload realizations due to the allowed monthly overtime.

To further examine the post-convergence regime, Figure 21 reports the individual trajectories. Overtime
realizations remain bounded by the monthly overtime limit 6,, and the average trajectory moves within the
range [2,000; 2,500] hours.

The corresponding revenue and cost dynamics are shown in Figure 21b. As the trajectories after con-
vergence are shown, we can see that the vertical separation between overtime revenue and overtime cost is
maximized, consistent with the maximization of the underlying objective function.
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Figure 21: Trajectories in the post-convergence phase (n > 600, 6, = 2,500). Faint lines denote individual simulation
paths; solid lines represent the average trajectory across runs.

Taken together, these results confirm that the stochastic approximation procedure converges to a stable
solution. The algorithm operates within a narrow neighborhood of the optimal policy without exhibiting
structural drift or instability. Importantly, the post-convergence dynamics demonstrate that the optimization
problem is well-behaved in the vicinity of 6. The revenue and cost trajectories present no evidence of explosive
behavior. This indicates that the cost specification and stochastic simulation produce a stable maximization
problem.

Local sensitivity analysis. To assess whether the converged value 6 corresponds to a local maximizer of
the expected net revenue, we evaluate E[INRCT(6)] on a grid of 6 values in a neighborhood of 0. Each
evaluation is approximated using ten independent simulation replications to reduce the stochasticity of the
outcome.

Figure 22 depicts the resulting estimated objective values over the interval [1,000; 4,000]. The curve
exhibits a clear maximum in the vicinity of 6, with decreasing revenue for both smaller and larger values of
6. This confirms that the solution identified by the stochastic approximation algorithm corresponds to a locally
optimal trade-off between increased case acceptance and higher overtime costs. The economic structure of
the optimization problem suggests unimodality, as marginal net revenue is positive for small 6 and negative
for sufficiently large 6.

Furthermore, the smooth shape of the estimated objective function in this region provides empirical sup-
port for the differentiability of ELNR(®T(6)] established in the well-posedness analysis. Although individual
simulation realizations involve non-smooth acceptance rules, averaging over the stochastic environment yields
a smooth expected objective. This effect is amplified with more realizations.

From a managerial perspective, the results imply that moderate stochastic variation in realized overtime
does not undermine the optimality of the chosen policy parameter. The firm can therefore interpret 6 as a
robust operational guideline.
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Figure 22: Local sensitivity of the expected net revenue with respect to the allowed overtime parameter 6. The objective
is evaluated in a neighborhood of the converged value 0, using 10 replications for each 6,. The parameter values consid-
ered are 1,000 and 4,000; values between 2,000 and 2,400 in increments of 100; between 2,400 and 2,500 in increments
of 20; and between 2,500 and 3,000 in increments of 100. The maximum attained near 9 indicates local optimality.

Estimated optimum. Figure 23 illustrates the empirical distribution of performance outcomes under Pol-
icy III evaluated at the optimized parameter value 8 = 2,430. The histograms summarize the mean and
variance of arrivals, case revenue, and workload over the 5-year simulation horizon across 200 independent
replications. The distributions appear approximately symmetric and well-behaved, with no evidence of heavy
tails or pronounced skewness, similar to the other policies. The fitted normal densities provide a reasonable
descriptive approximation of the empirical variation. This suggests that, at the optimized allowed monthly
overtime level, the model operates in a stable regime where stochastic fluctuations remain bounded and
centered around their respective means.

On average, Policy III accepts approximately 18K arrivals over the simulation horizon, generating about
€232M in total revenue and 0.8M hours of workload. Interestingly, the average number of accepted arrivals
is less than Policy I and more than Policy II. However the Policy III corresponds to an increase in revenue and
workload of around 10% - 15% relative to Policy I and Policy II. The increase arises because the marginal net
revenue of allowing additional overtime remains positive for small values of 6, making additional accepted
cases profitable up to the optimized threshold. The coefficients of variation (CV) for arrivals, revenue, and
workload are 0.00913, 0.00746, and 0.00698, respectively. The coefficients of variation are lower than under
Policy I and Policy II. This indicates that, relative to scale, outcomes are more predictable at the optimized
overtime level. The optimization not only raises expected net revenue, but also improves stability in relative
terms.

Overall, the histogram analysis indicates that the optimized parameter 6 = 2,430 not only maximizes
expected net revenue locally, but also delivers predictable and statistically stable long-run performance.
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Figure 23: Distribution of arrivals, case revenue, and size under Policy III with 6 = 2,430 over the 5-year simulation
period for 200 runs. A normal distribution is fitted on the data.
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DISCUSSION

The discussion begins with an interpretation of the results in relation to the research questions in Section 7.1.
Subsequently, the main limitations of the modeling approach are discussed in Section 7.2. Finally, broader
challenges related to applying simulation-based decision support in legal services are addressed in Section 7.3.

7.1 INTERPRETATIONS

RQ1. How can stochastic case arrivals and their associated workloads be simulated in a realistic yet tractable
manner?

The results demonstrate that stochastic case arrivals and their associated workloads can be simulated
in a manner that balances empirical realism with tractability by separating the demand process into three
components: (i) a client-level arrival process, (ii) stochastic case-level workload and revenue marks, and (iii)
a conversion from monthly arrivals to a daily resolution. Modeling arrivals at the monthly level for each client
using a Negative Binomial distribution captures the overdispersion and client-specific heterogeneity. Based
on the empirical case workload distribution (Figure 5) and the average intra-month arrival pattern derived
from the weekly pattern (Figure 4), monthly arrivals can be allocated to revenues, workloads, specific dates
and subsequently distributed over time according to the predetermined workload profile.

RQ2. How do different case acceptance policies affect the trade-off between revenue generation and capacity
utilization over a five-year simulation horizon?

The simulation results in Section 6.2 reveal systematic trade-offs between revenue generation and ca-
pacity utilization across the different acceptance policies. Policy 0, which accepts all arrivals, establishes an
unconstrained benchmark. It yields the highest accepted volume, revenue, and workload, but does so at the
expense of uncontrolled capacity overruns. As such, it represents a theoretical upper bound rather than a
realistic policy.

Policy I imposes a strict daily capacity constraint. As a consequence, accepted cases, revenue, and work-
load are approximately 20% lower than under Policy 0. Policy I keeps the workload consistently below the
daily capacity boundary. Policy II relaxes the constraint from daily to monthly capacity, permitting intra-month
overtime. Because both Policy I and Policy II are ultimately governed by the same monthly billable capacity
boundary, their accepted arrivals and total revenue are similar. The principal difference lies in the temporal
structure of the workload. Under Policy II, acceptance decisions depend on the monthly capacity rather than
daily limits. Consequently, workload exceeds the daily capacity boundary at the start of the month by ac-
cepting all cases. As cumulative workload approaches the monthly boundary, additional arrivals are rejected,
causing workload to decline toward the end of the month and resulting in a workload below the capacity
boundary.

Policy III extends Policy II by explicitly allowing monthly overtime up to some parameter 6. Consequently,
it preserves the same intra-month temporal structure as Policy II but operates at a systematically higher work-
load level due to the expanded allowed capacity. This increases revenue relative to Policy II, but at a expo-
nentially increasing cost of overtime.

Overall, the results highlight that loosening the temporal rigidity of capacity constraints, i.e. from daily
to monthly, and from fixed to flexible capacity, shifts the temporal structure of the workload.

RQ3. What level of allowed monthly overtime maximizes the overtime revenue with an exponentially increas-
ing monthly overtime cost, when simulating over a five-year horizon?
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Allowing monthly overtime expands the feasible acceptance region beyond the fixed billable capacity,
thereby increasing expected revenue. However, the exponential overtime cost function implies convex marginal
costs, so that the marginal net revenue from additional overtime eventually becomes negative. Consequently,
the expected net overtime revenue is convex in the allowed monthly overtime threshold 0, implying the
existence of an interior optimum; both 8 = 0 (reflects Policy II) and 6 > 0 (reflects Policy 0) are suboptimal.

The optimal threshold equates the expected marginal revenue from overtime to the expected marginal
overtime cost. For small values of 6, the marginal benefit of relaxing the constraint is high because additional
cases can be accepted at relatively low incremental cost. As 6 increases, however, the exponential cost com-
ponent amplifies the marginal cost of overtime. This interaction produces a unique level of allowed monthly
overtime that maximizes the expected net revenue from overtime.

Under the specified cost parameters (Equation (??) with B, = 30,000 and k¥ = 0.001), the stochastic
approximation procedure identifies an optimal threshold of 6 = 2,430 hours. The local sensitivity analysis
confirms that this value corresponds to a local maximizer of the expected net overtime revenue over the
five-year simulation horizon. A comparison of the coefficients of variation across policies further shows that
Policy III, evaluated at the optimized threshold, exhibits the lowest relative variability in arrivals, revenue,
and workload. Hence, at 0, the policy not only maximizes expected net revenue locally, but also yields the
most stable performance in relative terms among all considered policies.

7.2 LIMITATIONS

Several limitations of the proposed framework should be acknowledged. First, case workloads are assumed to
be identically distributed over a fixed horizon of 200 working days according to the fitted distribution in Fig-
ure 5. This abstraction ignores substantial heterogeneity in case duration, intensity, and temporal clustering
observed in legal practice. While this assumption improves tractability, it restricts the model’s applicability to
case-level analysis and has a large impact on the set of accepted arrivals.

Second, case size and revenue are simulated a priori at the time of arrival. In the legal sector, both
quantities are unobservable at arrival. As a result, case acceptance decisions in the model rely on information
that would not be available to decision-makers at the time of arrival. Therefore, the decision process of the
acceptance policies are not replicable in a real law firm.

Third, billable capacity is modeled in a generalized manner and omits daily scheduling constraints, em-
ployee specialization, and dynamics in the non-billable activities. These factors are known to play a significant
role in legal service production and may affect short-term billable capacity.

Expanding on the previous limitation; the workforce dynamics are simplified. The model assumes a fixed
workforce size with a net inflow of one employee per quarter, based on the historical trend. It does not capture
the in- and outflow of employees over time, which may affect variability in capacity that is seen in practice.

Finally, the overtime cost function is assumed rather than empirically estimated. Although the exponential
specification captures increasing marginal costs of overtime, alternative functional forms and parameters
could lead to different optimal allowed overtimes. The estimated value of 6 should therefore be interpreted
as conditional on the maintained cost specification.

7.3 CHALLENGES

Beyond model-specific limitations, several structural challenges arise when applying simulation-based de-
cision support in legal services. A first challenge concerns the nature of acceptance decisions. In practice,
acceptance choices are shaped not only by expected revenue and capacity considerations, but also by strategic,
relational, and reputational factors that are difficult to observe and quantify into formal objective functions.
These considerations introduce multi-objective decision criteria that are difficult to formalize within a sin-
gle quantitative objective function. As a result, model-based recommendations that optimize financial and
capacity metrics may systematically diverge from observed behavior.

Furthermore, organizational adoption poses a non-trivial challenge. Even well-specified models may face
resistance if their implications conflict with traditional heuristics, or partner incentives. This is particularly rel-
evant in professional service firms, where individual autonomy is a central feature. Consequently, tractability,
interpretability, and scenario-based communication are integral for effective use.

Despite these challenges, the results illustrate that simulation-based approaches can generate valuable
insights into the long-run consequences of acceptance and capacity policies under uncertainty. Similar frame-
works, such as the one presented in this thesis, might complement managerial judgment and support system-
atic decision-making in legal services and other professional service organizations.
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8 CONCLUSION

CONCLUSION

The conclusion begins with a summary of the research in Section 8.1. Directions for future research and
model extensions are discussed in Section 8.2.

8.1 SUMMARY

This thesis developed a simulation-based framework on real data for evaluating case acceptance policies in
law firms operating under stochastic demand and capacity. By modeling case arrivals, workloads, and rev-
enues probabilistically, the framework captures fundamental sources of uncertainty inherent to legal service
operations. The simulation environment enables the evaluation of policies over multi-year horizons.

The results demonstrate that explicitly incorporating capacity constraints fundamentally shapes the tem-
poral structure of the workload. While unrestricted acceptance maximizes expected revenue, it persistently
exceeds capacity and has a higher relative variability. Hard capacity constraints reduce both mean revenue
and variance, resulting in a more stable and realistic workload. Allowing controlled monthly overtime intro-
duces an economically meaningful interior optimum: overtime increases expected net revenue, but convex
overtime costs incur diminishing marginal gains. The stochastic approximation procedure converges to an op-
timal overtime threshold, with a relatively narrow confidence interval and stable post-convergence dynamics.
Local sensitivity analysis confirms that the identified solution corresponds to a local maximizer of expected
net revenue. Moreover, histogram-based analysis indicates that performance under the optimized policy is
stable, with bounded variance driven by the stochasticity of demand and capacity.

Although the model abstracts from several operational complexities, it demonstrates that simulation-based
optimization can quantify trade-offs between revenue generation and capacity utilization. The framework
therefore provides both conceptual insight and a methodological foundation for more advanced decision-
support systems. In conclusion, this thesis demonstrates the feasibility of constructing a stochastic simulation
that jointly models demand and capacity in a law firm context. Evaluating multiple acceptance policies con-
ditioned on workload and capacity highlights how different rules affect long-run performance. While the
current model is not yet suitable for organizational deployment, the extensions outlined in Section 8.2 sug-
gest a feasible path toward practical application in professional service settings.

8.2 FUTURE WORK

Several extensions could enhance the realism of the proposed framework. First, the model could allow work-
load shifting over time, for example by postponing non-billable activities or deferring portions of case work.
This would better reflect short-term prioritization and day-to-day trade-offs faced by lawyers.

Second, future research could replace the assumption of a priori knowledge of case size and revenue
with estimates available at arrival. Acceptance decisions would then be based on predicted workloads and
revenues, with realized outcomes deviating from these forecasts. Incorporating forecast uncertainty would
allow for the assessment of policy robustness and the design of fallback mechanisms.

Third, introducing heterogeneity among lawyers, such as differences in experience, specialization, and
team composition, would allow for more sophisticated capacity simulation. Furthermore, cases could in-
clude requirements regarding specialization, seniority, and team composition, for a more accurate matching
between case demands and available capacity.

Fourth, and most critically, the model assumes that case hours are worked according to a predetermined
schedule. This could be relaxed by modeling case work as a stochastic arrival process where the arrivals
represent the number of hours in a day that a case is worked on. Such a process could be inhomogeneous
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8.2 Future work 8 CONCLUSION

and depend on expected case size, current capacity, and team availability, substantially increasing behavioral
realism at the cost of additional complexity.

Taken together, these extensions move the framework toward the broader objective of constructing a
digital twin of a law firm. While ambitious, this direction is worth the effort, as a development-ready simula-
tion model could meaningfully support policy evaluation and scenario analysis under stochastic demand and

capacity for professional services.
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10.1 DISPERSION
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Figure 24: Dispersion based on observed arrivals on client level. A vertical line at zero dispersion is drawn to indicate
the dispersion of the Poisson distribution.

10.2 CLOSED CASES
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Figure 25: CDF of maximum inactive months per case. A vertical line is drawn at 18 months where only 3% of the cases
have more months of inactivity.

10.3 CORRELATION

Variable Spearman correlation P-value
Average revenue per case 0.359 1.86 x 107127
Average size per case 0.365 1.92 x 107134

Table 4: Correlation between number of cases and average case characteristics per client.
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10.4 Q-Q PLOTS
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Figure 26: Normal Q-Q plots of In(revenue) and In(case size).

10.5 MONTHLY DISTRIBUTION
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Figure 27: Arrival chance of cases for example month January 2025.
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Figure 28: Residuals of hours distribution with shifted inverse square root fit. The coefficient of determination R =
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10.7 DAILY CAPACITY
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Figure 29: Simulated capacity with a daily resolution in 2025.

10.8 ACCEPTANCE POLICIES
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(b) Historical and simulated workload. The billable capacity is shown to indicate a soft boundary for the monthly workload.
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Figure 30: Time series of workload and revenue for Policy 0.
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10.8.2 Policy I. Hard daily capacity boundary
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Figure 31: Time series of workload and revenue for Policy I.
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10.8.3 Policy II. Hard monthly capacity boundary
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Figure 32: Time series of workload and revenue for Policy II.

42



10.9 Computational intensity 10 APPENDIX

10.8.4 Policy III. Soft monthly capacity boundary
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Figure 33: Time series of arrivals, workload and revenue for Policy III with 6 = 2,430.

10.9 COMPUTATIONAL INTENSITY

Running the model with a simulation horizon of five years requires between 60 and 90 seconds per replica-
tion, depending on the realized number of arrivals. The 200 replications used to construct the histograms
(Figures 15, 17, 19, and 23) required approximately eight hours of total computation time.

Each stochastic approximation run took approximately three minutes to complete. For both initializa-
tions (6, € {1,000; 2,500}), the algorithm was executed for 1,250 iterations. Since each iteration evaluates
two perturbed parameter values, this resulted in a total of 5,000 simulation runs. The complete stochastic
approximation procedure therefore required approximately 250 hours of computational time.
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