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Data-driven law firm rankings to reduce 
information asymmetry in legal disputes
 

Alexandre Mojon    1, Robert Mahari    2,3,4 & Sandro Claudio Lera    3,5,6 

Selecting capable counsel can shape the outcome of litigation, yet 
evaluating law firm performance remains challenging. Widely used rankings 
prioritize prestige, size and revenue over empirical litigation outcomes, 
offering little practical guidance. Here, to address this gap, we build on the 
Bradley–Terry model and introduce a new ranking framework that treats 
each lawsuit as a competitive game between plaintiff and defendant law 
firms. Leveraging a newly constructed dataset of 60,540 US civil lawsuits 
involving 54,541 law firms, our findings show that existing reputation-based 
rankings correlate poorly with actual litigation success, while our 
outcome-based ranking substantially improves predictive accuracy. 
These findings establish a foundation for more transparent, data-driven 
assessments of legal performance.

Legal representation plays a crucial role in determining litigation 
outcomes. Research consistently shows that litigants represented by 
attorneys fare better in court than those without1. Moreover, the quality 
of representation substantially affects case outcomes. In asylum pro-
ceedings, for example, individuals with better attorneys have a higher 
probability of prevailing2. This effect extends beyond individual cases, 
shaping broader patterns of judicial decision-making3.

Despite its importance, most litigants lack the information to 
identify the most effective attorney for their case. Legal expertise is 
highly specialized, and success in one domain does not necessarily 
translate to another. Information asymmetries in the legal market favor 
litigants with more financial resources, who can afford specialized 
advice or firms with established reputations1,4. This knowledge gap 
reinforces structural inequalities, allowing well-resourced litigants 
to gain advantages independent of case merit5–9.

Existing law firm rankings do little to mitigate this issue. 
Rankings such as Vault 100 and American Lawyer Media’s (ALM) 
Global 200 emphasize prestige, size or revenue, rather than liti-
gation performance. They typically cover only the top 100–300 
firms, excluding many that may be better suited for specific cases. 
Reputation-based marketing may reinforce a feedback loop in 
which high-ranking firms attract more clients, bolstering prestige 
regardless of courtroom success10. Moreover, such rankings are 

not tailored to case type or legal domain, limiting their utility  
to litigants.

To address these limitations, we introduce a methodology for rank-
ing law firms based on objective case outcomes rather than subjective 
prestige. We generalize a ranking algorithm for heterogeneous pairwise 
zero-sum games11, where lawsuits are games and law firms are players. 
This model builds on the Bradley–Terry framework12, which ranks 
entities by their probability of winning based on relative strength. To 
capture legal heterogeneity, we incorporate case-type-specific priors 
and asymmetric baseline outcomes, such as defendants’ higher likeli-
hood of winning13. Given a set of observed lawsuits, we estimate latent 
law firm scores using an expectation maximization algorithm. These 
scores serve as the basis for law firm rankings and enable the prediction 
of lawsuit outcomes based on score differentials (Fig. 1).

To validate our approach, we compile a dataset of 60,540 civil 
lawsuits in US Federal District Courts. Using natural language process-
ing (NLP), we extract records including the names of the plaintiff and 
defendant law firms, and the case outcome. Applying our method yields 
scores for 2,064 law firms. We find that these scores are not significantly 
correlated with prestige-based rankings, but substantially outper-
form them in predicting future outcomes. Thus, our ranking approach  
supports litigants by providing a quantitative basis for selecting law 
firms and shaping litigation strategy, including settlement decisions. 
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interactions among K = 2,064 firms. We show in Supplementary Section 
6 that results remain stable across a range of Q values from 20 to 55.

Ranking law firms via asymmetric pairwise interactions
We use the above dataset, comprising N = 63,115 interactions among 
K = 2,064 law firms (with Q = 30), to develop an objective metric of 
law firm performance. A naive approach would rank firms by overall 
win rate. However, this has two key limitations: First, there is a system-
atic bias favoring defendant victories (similar to a home field advan-
tage)13,17,18. Thus, a plaintiff win is not equivalent to a defendant win, 
requiring an asymmetry adjustment. Second, case types (rules of the 
game) differ in baseline defendant win rates; for example, defendants 
win 86% of civil rights cases but 70% of contract cases. Although firms 
often specialize, they still engage in multiple case types, so their out-
comes occur under varying conditions. These issues are compounded 
by noise or luck in outcomes, where weaker firms sometimes win and 
stronger ones lose19. We thus propose a ranking method that adjusts 
for these structural effects.

Suppose K players engage in N pairwise interactions (games) with 
a winner and a loser, as in sports or, here, lawsuits. Our aim is to assign 
player rankings that reflect skill. A standard approach is the probabil-
istic Bradley–Terry model, where the probability that entity A (score 
SA) defeats B (score SB) is a sigmoid of SA − SB (ref. 12). This model has 
been extended to account for different interaction types11, essential 
in our setting, where case types influence outcomes. Unlike standard 
ranking problems, litigation is structurally asymmetric: defendants 
have a higher baseline chance of winning, which varies by case type 
(civil rights: 86%, contract: 70%, torts: 85%, labor: 74%, other: 75%). 
We therefore develop a ranking model that includes both multiple 
interaction types (case types) and systemic defendant advantage. We 
call this the asymmetric heterogeneous pairwise interactions (AHPI) 
ranking algorithm.

While well-resourced parties may already assess firm performance 
qualitatively, our method democratizes these insights, making them 
broadly accessible. This shift has the potential to reshape how parties 
engage legal counsel and navigate legal disputes.

Results
A dataset of zero-sum law games
We compile a dataset of 60,540 civil lawsuits in US federal district 
courts to construct law firm rankings based on litigation outcomes. 
While most existing studies analyze small-scale disputes in domains 
such as small claims14, family15 or housing law16, our data span a broad 
range of civil litigation, including civil rights, torts, contracts, labor 
and commercial disputes. Building on earlier work that used these 
data to analyze judicial biases17, we extend the analysis to include the 
identities of the law firms involved (Methods). Case types are grouped 
into five categories: civil rights, contracts, labor, torts and other. Case 
outcomes are binary: 1 for plaintiff victories, 0 for defendant victories.

This process yields 60,540 civil cases involving 54,541 distinct law 
firms. For cases with multiple firms on one side, we decompose the 
interactions into pairwise games between one plaintiff and one defend-
ant firm. This results in 190,297 pairwise interactions, each annotated 
with the names of the opposing firms, the case type and the outcome. 
We use the first 80% of cases to estimate firm scores and reserve the 
remaining 20% for out-of-sample evaluation.

From these interactions, we construct an interaction network of 
law firms, where each edge represents a lawsuit between two opposing 
firms. The network is sparse and heterogeneous: some firms appear fre-
quently, while others appear only once. To focus on firms with sufficient 
data, we define a Q-factor as the average number of interactions per 
firm within a trimmed subnetwork. We iteratively remove low-activity 
firms until the subnetwork meets a minimum Q-factor threshold. Using 
Q = 30 in the main results yields a robust subnetwork of N = 63,115 
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Fig. 1 | Law firm ranking procedure. We analyze N lawsuits based on judges’ 
textual decisions (opinions), from which we extract structured information 
on the case type, the case outcome and the law firms involved. Each lawsuit 
is modeled as a game between the plaintiff’s and defendant’s law firm, where 
one firm wins and the other loses. Each of the five case types has an associated 
defendant bias (home field advantage) ϵm, which quantifies the a priori likelihood 
that the defendant prevails in case type m. Each law firm k = 1, …, K is assigned a 
latent skill score, Sk. The propensity pf that defendant’s law firm B is favored over 

the plaintiff’s law firm A is modeled as a sigmoid function of (SB + ϵm) − SA, such 
that a higher bias-adjusted score for B increases its likelihood of being favored. 
The valence probability qm then determines the probability p that the favored 
firm ultimately wins, thus capturing the role of uncertainty in case outcomes. 
Based on these assumptions, we apply an expectation-maximization algorithm 
to infer the latent law firm scores {Sk}, defendant biases {ϵm} and valence 
probabilities {qm} that best explain the observed litigation outcomes.
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AHPI uses a Bayesian expectation-maximization framework with 
a logistic prior over scores (Methods). It takes N observed binary inter-
actions, modeling each as an asymmetric game between K entities. 
There are M case types. Each game is asymmetric: when law firms A 
and B have equal scores (SA = SB), the defendant firm (home team) has a 
higher base win chance. Each case type has a different baseline defend-
ant advantage, reflecting systemic bias. AHPI proceeds in two stages: 
First, it estimates the probability that law firm B is favored over A via 
a sigmoid of (SB + ϵ) − SA, where ϵ > 0 is a bias toward defendants. Each 
case type m has its own fitted ϵm. Second, a case-type-specific valence 
parameter qm ∈ [0.5, 1] gives the probability that the favored firm wins, 
accounting for uncertainty. Lower qm implies more randomness in 
outcomes. The K firm scores, M case-specific biases and M valence 
probabilities are all fit from the data.

Fitting AHPI to N = 63,115 interactions yields a score Sk for each of 
the K = 2,064 law firms k ∈ 1, …, K, reflecting litigation performance 
(Fig. 1). To contextualize our ranking, we compare it with three widely 
used public rankings: Vault Law 100, ALM’s Global 200 and Embroker 
Top 300 (2022). These rankings use varied criteria but do not include 
litigation outcomes, instead relying on reputation and size (Supple-
mentary Section 8). To measure alignment, we compute Kendall’s τ 
correlation (Spearman yields similar results) over the firms present in 
both rankings. The correlations are essentially zero (Fig. 2a,b), indicat-
ing existing rankings poorly reflect empirical performance. This mir-
rors findings for physicians, where prestige of medical schools poorly 
predicts patient outcomes20.

As a byproduct, we estimate case biases ϵm and valence prob-
abilities qm. The fitted ϵm values are consistently positive (Methods), 
consistent with defendants’ higher baseline win rates. The valence 
probability qm captures how much rankings influence case outcomes 
for type m: qm = 0.5 implies randomness; qm ≈ 1 implies outcomes closely 
track rankings (Methods; Fig. 1). Our results consistently show qm > 0.85, 
underscoring both qualitative and quantitative evidence for the impor-
tance of legal representation2,3.

Score-based prediction of trial outcomes
A critical element of legal strategy is assessing the likelihood of liti-
gation success, a topic extensively explored both theoretically and 
empirically21–23. With the advent of big data and machine learning, such 
assessments have become more quantitative, enabling data-driven 
evaluations of case viability9,24–26. These tools are particularly prominent 
in the litigation finance industry, where lawsuit portfolios are analyzed 
for return potential18,27.

Here, we examine whether our law firm rankings improve the 
prediction of litigation outcomes. Recall that we use the first 80% of 
cases to fit scores {Sk} for K = 2,064 firms, along with M = 5 case biases 
{ϵm} and valence probabilities {qm}. We now use the remaining 20% to 
test predictive performance.

A simple rule would predict that plaintiff law firm A wins over 
defendant law firm B if SA > SB + ϵm. However, because defendants win 
most cases, always predicting a defendant victory achieves a strong 
baseline accuracy of 83%. To show our model adds value, we leverage 

      Ranking Correlation Accuracy
AHPI 100% (59.7 ± 2.8)%
Embroker Top 300 0% (52.9 ± 4.5)%
Vault 100 0.1% (48.7 ± 5.7)%
ALM’s Global 200 0.1% (48.3 ± 6.5)%
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Fig. 2 | Comparison of law firm rankings and predictive performance. We 
compare our AHPI scores with three widely used firm rankings: Vault 100, ALM’s 
Global 200 and Embroker Top 300. a, Kendall correlation between AHPI ranking 
and each of the three benchmark rankings, and mean predictive accuracy on test 
cases given each ranking. An accuracy of 50% represents the expected accuracy 
from random guessing. Errors indicate standard deviations computed via 100 
bootstrap resamples. b, A comparison of ranks for 20 law firms that are common 
across all four rankings. A point close to the periphery means a higher rank than 
one closer to the center. As visually apparent and indicated by the low correlation 
coefficients in the ‘Correlation’ column in a, there are significant differences 

between AHPI scores and other rankings. c,d, The predicted propensity of a 
defendant win for out-of-sample test cases, grouped into six propensity bins: 
the number of cases within each bin (c); the average winning propensity based 
on the AHPI ranking compared with the actual defendant win rate in each bin (d). 
Error bars indicate standard deviations computed via 100 bootstrap resamples. 
The dotted line corresponds to the 83% baseline defendant win rate across 
all cases. Empirical defendant win rates for cases with low propensities are 
significantly below the baseline, while win rates for cases with high propensities 
are significantly above the baseline.
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its probabilistic structure. Instead of binary predictions based only on 
score differences, we use the sigmoid function to estimate the winning 
propensity of the plaintiff. Because the fitted valence probabilities q 
are close to 1, the sigmoid of SA − (SB + ϵm) can be interpreted directly 
as a win probability (Methods; Fig. 1). When this adjusted difference 
is large, law firm A is highly likely to win; when it is small, the outcome 
is more uncertain. We group the test cases into six bins by predicted 
win propensity and report empirical defendant win rates for each. As 
shown in Fig. 2d, cases with low plaintiff propensity show win rates 
well below the 83% baseline, while those with high propensity exceed 
it. This demonstrates that our ranking model enables more granular, 
informative predictions of case outcomes—supporting better law firm 
selection and litigation strategy.

We also compare our results with public rankings, treating pub-
lished rankings as firm scores. Due to limited case overlap, each rank-
ing is tested on its subset of applicable cases. To compare fairly, we 
balance the test data so that plaintiffs and defendants each win 50% 
of the time, making the baseline prediction accuracy 50%. We then 
predict that A beats B if SA > SB + ϵm. As shown in Fig. 2a, our approach 
exceeds the baseline by nearly 10%. By contrast, Embroker achieves 
under 3% improvement, while Vault and ALM perform no better than 
chance. Because our model covers over 2,000 firms, it also yields 
smaller standard errors, estimated via bootstrapping. Together, these 
results show that data-driven rankings offer better predictive accuracy 
for litigation outcomes.

Discussion
While our approach provides a framework for ranking law firms based 
on litigation outcomes, it faces limitations that warrant discussion.

A key limitation is survivorship bias: our dataset includes only 
cases with judicial opinions, excluding private settlements. As most 
legal disputes settle before trial28, our data capture only litigated out-
comes. However, litigants negotiate ‘in the shadow of the law’29, mean-
ing trial outcomes shape settlement behavior. If law firm strength 
drives trial outcomes, it probably also affects settlements. Although 
public data on settlements remain scarce, future work should aim to 
incorporate them for a more holistic evaluation of law firm perfor-
mance. Our ranking framework can accommodate settlements as a 
third outcome, akin to draws in extended Bradley–Terry models30.

Selection bias may also arise if litigants assign the best firms to 
the hardest cases. We believe this is rare, as only sophisticated liti-
gants—typically large firms with legal departments—could make such 
assessments. In practice, companies tend to rely on established law firm 
relationships rather than switching firms for difficult cases31.

In multifirm cases, we have reduced the interaction to pairwise 
comparisons between individual firms. Future work could explore 
models accounting for law firm teams, capturing cooperative effects 
and potential synergies. We also do not model law firm mergers or 
splits, which may affect performance continuity. Incorporating firm 
genealogies could allow rankings to adjust dynamically over time.

Our analysis is restricted to US federal civil litigation, limiting 
generalizability to state courts or other jurisdictions. Extending 
our method to state and international courts would test its broader 
applicability.

Litigation success is only one part of legal practice. Future ver-
sions of our model could include case duration, fees or financial data 
to capture overall client value. Incorporating judicial characteristics, 
such as judge-specific biases17, could further refine our estimates.

Beyond law, our AHPI framework generalizes to other adversarial 
settings. It applies wherever entities engage in repeated, asymmetric, 
heterogeneous interactions—such as political contests, lobbying or 
market competition. Extending the model to multiparty disputes or 
auction-based legal markets could broaden its scope.

Despite limitations, our work establishes an empirical basis for 
ranking law firms based on litigation outcomes. By shifting focus from 

reputation to data-driven metrics, we aim to improve transparency and 
inform future research in empirical legal studies.

Methods
Data
Our dataset is constructed from judicial opinions provided by the Case 
Law Access Project (CAP), which contains textual records of US Federal 
District Court cases, closely following the method presented in ref. 
17. We restrict our analysis to civil litigation in federal district courts, 
excluding appellate and Supreme Court cases to ensure a consistent 
trial-level dataset. This leaves us with 302,988 cases in the form of 
judges’ published opinions. These opinions include detailed case 
descriptions but lack structured metadata on case type, case outcome 
or legal representation. To address this, we leverage structured data 
from the Integrated Database (IDB) provided by the Federal Judicial 
Center as training data to develop machine learning models that infer 
key case attributes directly from judicial opinions.

The IDB is a structured database of federal civil lawsuits, contain-
ing metadata fields such as case filing date, case type and case outcome 
(plaintiff win, defendant win or unknown). By matching CAP cases to 
IDB records via docket numbers and filing dates, we successfully align 
31,222 cases between the two datasets17. These matched cases serve as 
labeled training data for extracting structured information from the 
full CAP corpus, which otherwise lacks metadata annotations.

To infer case outcomes and types for the CAP cases, we fine-tune 
two Bidirectional Encoder Representations from Transformers (BERT) 
classifiers using the 31,222 IDB-mapped cases as training data. Both 
classifiers take as input the judge’s opinion. The first model is a binary 
classifier that predicts whether the plaintiff won or lost, while the sec-
ond is a five-class classifier that assigns cases to one of five major case 
types—civil rights, contracts, labor, torts and other. Once trained, these 
models are applied to the filtered CAP dataset, allowing us to classify 
case outcomes and case types for all 302,988 cases. After discarding 
cases for which our predictive models have low confidence, we obtain 
a total of 205,454 labeled cases. This dataset forms the basis of our 
analysis. We refer to Supplementary Section 1 for an in-depth discus-
sion of how these models have been trained.

While this procedure provides structured labels for case type 
and outcome, it does not yet identify the law firms involved in each 
case. In CAP, law firm names appear in the attorney sections of judicial 
opinions, often inconsistently formatted due to optical character 
recognition errors, abbreviations or typographical variations (for 
example, ‘Putman & Putman’ versus ‘Put-Man and Put-Man’). To extract 
this information, we apply a pattern-matching approach to detect law 
firm names, followed by hierarchical clustering based on Levenshtein 
distance to merge name variants. A similar method is used to determine 
which law firms represent plaintiffs and defendants in each case. This 
step ensures consistency in firm identification and representation 
assignment and is detailed further in Supplementary Section 2. After 
discarding cases in which we cannot identify at least one law firm on 
each side, we are left with a total of 67,619 cases and 64,656 law firms. 
A detailed breakdown of these numbers is found in Supplementary 
Section 1.

A key feature of our dataset is that it enables the construction of 
an interaction network of law firms. Each law firm is represented as 
a node, and each lawsuit interaction is represented as an edge. This 
network exhibits considerable variation in density, as some law firms 
engage in frequent litigation while others appear only sporadically. 
To systematically analyze this structure, we introduce the Q-factor, 
which quantifies the average number of observed cases per law firm 
within a given subset of the network. By definition, the Q-factor of our 
total dataset is 167,439/54,541 ≈ 3.1. By iteratively removing the law 
firms with fewest interactions, we trim the network so that the average 
number of interactions per law firm, that is, the Q-factor, increases. 
Setting Q sufficiently high ensures that each firm has a meaningful 

http://www.nature.com/natcomputsci


Nature Computational Science | Volume 5 | November 2025 | 1010–1016 1014

Brief Communication https://doi.org/10.1038/s43588-025-00899-2

number of observed interactions, allowing a more reliable estimation 
of its litigation performance. For the results presented in Fig. 2, we use 
Q = 30 to compute law firm rankings, yielding an interaction network 
with N = 63,115 interactions involving K = 2,064 law firms. We confirm 
in Supplementary Section 6 that our results remain robust across a 
range of Q values from 20 to 55.

Modeling asymmetric, heterogeneous, pairwise interactions
The ranking of entities based on pairwise interactions is a ubiquitous 
problem arising in domains such as information retrieval32, decision 
theory33, sports34 and university rankings35.

Several algorithms have been established to estimate rankings 
from observed outcomes. The Elo rating system, widely used in chess36, 
updates player scores dynamically based on match outcomes, where 
score adjustments depend only on the prematch ratings of the two com-
petitors. Although Elo provides an efficient heuristic for continuously 
updated rankings, it does not maximize a formal likelihood function 
and cannot easily incorporate multiple interaction types or systematic 
biases in matchups. By contrast, AHPI represents the probability that 
one competitor defeats another as a logistic function of the difference 
in their latent skill levels12, allowing a principled estimation of rankings 
through likelihood maximization. Recent extensions of this model 
have incorporated multiple interaction types while also enhancing 
computational efficiency11. We propose the AHPI ranking algorithm, 
which further generalizes this approach to account for asymmetric 
games, where one entity has a higher a priori chance of winning (for 
example, a home field advantage for defendants in litigation). This 
formulation allows a more statistically rigorous ranking framework, 
ensuring that rankings reflect both observed outcomes and structural 
biases in competition.

We consider K entities (for example, law firms) k = 1, …, K compet-
ing in a total of N pairwise interactions (for example, lawsuits) n = 1, …, 
N. Each interaction is of one of M types (for example, lawsuit case types 
or variations of the game) m = 1, …, M. The interaction is asymmetric 
in the sense that defendants are more likely to win a case. We assume 
that this home field advantage or defendant bias is specific to the case 
type and denote it by ϵm. The AHPI algorithm assigns a score Sk to every 
competing entity k. Consider the interaction n ∈ {1, …, N} that is of type 
m and involves the entity A and the privileged entity B with respective 
scores SA and SB. The outcome is modeled in two stages: First, a favored 
entity is determined. The probability that A is favored is given by

ρn(A) =
1

1 + exp (−(SA − (SB + ϵm))
, (1a)

where the privilege ϵm skews this probability in B’s favor. It is implicitly 
understood that the interaction type m depends on game n, that is, 
m = m(n). We denote ϵm for brevity and proceed similarly for all subse-
quent quantities. Second, the winner of the interaction is determined 
by introducing the valence probability qm. The valence probability 
captures the probability that the favored entity wins. Hence, A wins 
with probability

pn(A) = qmρn(A) + (1 − qm) (1 − ρn(A)) , (1b)

and B wins with probability 1 − pn(A). The advantage of this two-step 
approach is that the skills of the entities, expressed in their scores S, are 
decoupled from the probabilistic outcome associated with interaction 
type m through qm. If the score difference corrected by the privilege 
in equation (1a) is 0, both entities have an equal probability of being 
favored. To what extent being favored implies winning is subsequently 
determined by the valence probability qm. A value of qm close to 1 indi-
cates that the favored entity is highly likely to win, whereas qm = 0.5 
indicates that being favored does not have an impact. This approach 
has previously been used to calibrate the relative contributions of skill 

and luck19. We find that fitted valence probabilities tend to be close to 
1, suggesting that the law firms’ score differences are highly indicative 
of case outcomes.

Estimation of latent scores
We now turn to the estimation of the scores {Sk}

K
k=1, privileges {ϵm}

M
m=1 

and valence probabilities {qm}
M
m=1 given N observed interactions {In}

N
n=1. 

To this end, we introduce for every interaction n the stance variable σn 
which takes a value of 1 if the favored entity is the winner and 0 other-
wise. We label the winning entity by un and the losing one by vn. It is 
convenient to define λk ≡ eSk . To further simplify notation, we use S 
instead of {Sk}

K
k=1 to denote the set of scores, and similarly for {σn}, {ϵm} 

and {qm}. To tackle potential convergence issues, we use a Bayesian 
framework and introduce logistic priors for scores and privileges11,37. 
Applying Bayes’ theorem, the likelihood P(S, q, σ, ϵ∣x) is

∏
n

Pn(x,σ|λu, λv, ϵ,q)
K
∏
k=1

λk
(λk + 1)2

M
∏
m=1

1
(eϵm + 1)(e−ϵm + 1) , (2)

where the second and third product terms stem from the prior on the 
scores and privileges, respectively. By defining the privilege stance vari-
able cn as taking value −1 if the winner was privileged and 1 otherwise, 
and by using the definitions of the probabilities ρn and pn in equation 
(1), it holds that

Pn(x,σ|λu, λv, ϵ,q) =
(ecnϵmλuqm)

σ(λv(1 − qm))
1−σ

ecn⋅ϵmλu + λv
. (3)

It turns out that directly maximizing (the logarithm of) the likelihood 
(equation (2)) is challenging, and an expectation maximization algo-
rithm is better suited11. To this end, we first note that, across N games, 
there is a total of R = 2N outcomes of the binary stance variables {σn}, 
and we denote by Π any probability distribution over these outcomes. 
By Jensen’s inequality, it holds that

log
R
∑
r=1

P(S,q,σ, ϵ|x) ⩾
R
∑
n=1

Π(σ) log P(S,q,σ, ϵ|x)
Π(σ) . (4)

If the right-hand side equals the left-hand side, we can work with the 
sum of logarithms, which renders the calculations below analytically 
tractable. For fixed S, ϵ and q, equality holds for a specific probability 
distribution Π:

Π(σ) =
N
∏
n=1

πσn
n (1 − πn)

1−σn , (5a)

where

πn =
ecnϵmλunqm

λun ecnϵmqm + λvn (1 − qm)
(5b)

can be interpreted as the posterior probability that un is the favored 
entity11.

We now apply expectation maximization to the right hand side of 
equation (4) with Π given by equation (5). To maximize expectations, 
we set the derivative of the right-hand-side of equation (4) with respect 
to S, ϵ and q equal to zero while holding the distribution over σ constant. 
This results in the following set of equations where δμ,ν is the Kronecker 
delta and γn equals e−ϵn if the privileged entity wins, and eϵn otherwise.

qm =
∑N

n=1 δmn ,mπn

∑N
n=1 δmn ,m

(6a)

0 = 1 − eϵm
1 + eϵm +

N
∑
n=1

δmn ,m [πncn −
λun ecnϵm

λun ecnϵm + λvn
cn] (6b)
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λk = [1 +
N
∑
n=1

δun ,kπn + δvn ,k(1 − πn)]×

[ 2
1+λk

+
N
∑
n=1

δun ,kγn(γnλun+λk)+δvn ,k(γnλk+λvn )
(γnλk+λvn )(γnλun+λk)

]
−1

.

(6c)

Equation (6a) yields an explicit expression for the valence probability 
qm, where πn is given by equation (5b). Equation (6b) yields an implicit 
expression for the privilege ϵm, which can be solved numerically. Equa-
tion (6c) yields a nested set of equations for the exponential scores λk, 
which can be solved iteratively until convergence is reached.

Finally, it should be noted that the above calculations are invariant 
under the mapping

{
f ∶ ℝ × ℝ × [0, 1] → ℝ × ℝ × [0, 1]

f(S, ϵ,q) = (−S, −ϵ, 1 − q)
, (7)

which suggests that the ranking might be ‘inverted’. This symmetry 
can be broken by analyzing the values of the valence probabilities. If 
for an interaction type m a higher rank is assumed to imply a higher 
winning probability, but if qm < 0.5, then the ranking must be inverted 
according to equation (7). Likewise, if a higher rank is assumed to 
imply a lower winning probability and qm > 0.5, then the ranking must  
be inverted.

Fitting latent scores on dense data subsets
Our dataset contains 167,439 interactions (games) across 54,541 
law firms (entities). Each interaction is of one of five types (civil 
rights, contracts, labor, torts and other). Ideally, we assign a ranking 
score Sk to each law firm k ∈ 1, …, K = 54,541 by applying the above 
expectation-maximization algorithm. However, it is intuitively plausi-
ble that the fewer interactions are observed per entity, the less reliable 
the estimated scores (see Supplementary Section 5 for a demonstra-
tion on data with known ground truth). We therefore systematically 
trim our dataset to a subset of sufficient interactions via the Q-factor, 
described above. By definition, the Q-factor of our total dataset is 
167,439/54,541 ≈ 3.1. To find a subset of the data with sufficiently high 
target Q-factor, we iteratively remove the entities with the lowest num-
ber of interactions and recalculate the Q-factor. We stop once the 
average number of interactions in the remaining data is greater than 
or equal to Q. Law firm rankings (Fig. 2a,b) and outcome predictions 
(Fig. 2d) have been calculated on a subset with Q = 30 for which the 
number of law firms is reduced to 2,064 and the number of interactions 
is reduced to 63,115. Qualitatively similar results for a larger range of 
Q-factors are found in Supplementary Section 8.

For a given dataset of interactions with fixed Q-factor, we proceed 
with the estimation of the model parameters. Concretely, we estimate 
the law firm scores Sk = log(λk), the case type biases ϵm and the valence 
probabilities qm via the above-described expectation-maximization 
algorithm. The following initial values are used for all firms and interac-
tion types, respectively: λk = 0.9, qm = 0.5, ϵm = 0. The algorithm is iter-
ated until convergence is reached, that is, once the correlation between 
the ranking of two subsequent iterations is above 99.9% and the maxi-
mum absolute change in any ranking score, valence probability and 
case type asymmetry is below 0.01.

The parameters are fit only on the first 80% of the cases according 
to their temporal order (accordingly, the interaction network and the 
Q-factor were determined only on the training data, not the test data). 
The remaining 20% are used to predict defendant winning probabilities 
via equation (1), where Sk, ϵm and qm are replaced by their fitted best 
estimates ̂Sk, ϵ̂m and ̂qm, respectively. In accordance with the defendant 
bias, we estimate consistently positive ϵ̂m parameters: civil rights (2.03), 
contract (1.66), torts (0.32), labor (1.99) and other (1.90). The associated 
valence probabilities ̂qm are estimated as follows: civil rights (0.86), 
contract (0.96), torts (1.00), labor (0.96) and other (1.00). These high 

valence probabilities imply that the favored entity typically wins. Simi-
larly high values have been observed in previous work11, and we refer 
to Supplementary Section 5 for additional discussions. Qualitatively, 
this suggests that lawsuit outcomes are strongly influenced by the 
difference in skill levels between the competing law firms.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Source data are provided with this paper. These data for our work are 
based on ref. 17 and augmented by identifying and disambiguating law 
firms and their roles. The data for reproducing all the results are avail-
able via figshare at https://doi.org/10.6084/m9.figshare.30260035 
(ref. 38). The analyses and rankings that we report may be reproduced 
by running our code.

Code availability
The code to reproduce all the analyses in this Brief Communication is 
available via GitHub at https://github.com/mojona/law_firm_ranking 
and Zendo at https://doi.org/10.5281/zenodo.15504218 (ref. 39). Our 
data preparation and analysis uses the latest standard libraries at the 
time of submission. Specifically, we use the following: Python (v. 3.10) 
packages: pandas (v.2.2.2), numpy (v. 2.1.0), scipy (v.1.11.1), scikit-learn 
(v. 1.5.1), rapidfuzz (v.3.9.6) and pip (v. 24.2).
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