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Abstract: Predictive algorithms are increasingly used to support frontline decision-making in
public administration, but evidence remains limited on how they affect bureaucratic capacity.
This study examines county-level adoption of predictive screening tools in U.S. Child Protective
Services using NCANDS data (2010-2023) and a stacked difference-in-differences design.
Leveraging staggered adoption, I find no change in the total number of investigations opened and
a sizable decline (about 15%) in the share of investigations that are substantiated. These results
are inconsistent with operational capacity gains and more consistent with misclassification that
erodes analytical capacity. These findings are consistent with a mechanism of routinized
deference: under workload and accountability pressures, algorithmic recommendations can
become procedurally defensible defaults. Overall, this study argues that predictive screening is
not capacity-enhancing by default, as routinized deference can undermine the professional
judgment central to bureaucratic work.
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Bureaucratic capacity—the human, technical, informational, and organizational resources
that public agencies hold and can actually deploy in frontline work—is a central and persistent
challenge in public administration (Ingraham et al., 2003; Bertelli and Lynn, 2006; Bello-Gomez,
2020). Frontline agencies often operate under significant resource constraints and high
workloads, forcing street-level bureaucrats to develop discretionary shortcuts that can
compromise the quality and equity of public service delivery (Lipsky, 1980). Enhancing this
capacity, particularly the analytical ability to make professional judgments and the operational
ability to process cases efficiently, remains a primary goal for public managers and policymakers

(Drolc and Keiser, 2021).

The integration of predictive algorithms represents a promising technological solution to
these capacity challenges. From local police departments forecasting crime to federal agencies
detecting fraud, algorithmic tools are increasingly embedded in the core functions of
government, often with the stated promise of enhancing bureaucratic capacity by increasing
efficiency, standardization, and consistency (Eubanks, 2018; Meijer and Wessels, 2019; Mergel
et al., 2023). In other words, by processing vast amounts of data, these predictive tools are
expected to augment analytical capacity by improving decision quality and expand operational
capacity by standardizing procedures and increasing throughput (Wu et al., 2015; Bullock et al.,

2020).

Despite their rapid adoption, robust empirical evidence on how these algorithms actually
affect bureaucratic capacity in practice remains limited. While some research suggests predictive
algorithms can enhance bureaucratic performance (Kleinberg et al., 2018; Angelova et al., 2023),
other studies reveal patterns of unintended human-algorithm interactions and institutional

constraints that may amplify existing inefficiencies and erode capacity (Alon-Barkat and



Busuioc, 2023; Snow, 2021; Moynihan et al., 2025). These conflicting findings raise a crucial
puzzle: why might a technology designed to augment bureaucratic capacity paradoxically

undermine it?

While existing explanations for such unintended outcomes largely locate the problem in
individual cognition—automation bias and complacency in how single decision-makers process
algorithmic advice (Parasuraman and Manzey, 2010; Alon-Barkat and Busuioc, 2023)—Iless
attention has been given to how organizations turn these individual tendencies into stable
patterns of practice. Hence, this paper develops a theoretical framework centered on how the
institutional context of street-level bureaucracy transforms algorithmic advice in practice. When
workload and accountability pressures mount, algorithmic recommendations may become
procedurally defensible defaults: easier to follow than to override, even when they are imperfect.
I call this process routinized deference. The concept helps explain how tools designed to
augment professional judgment may instead redirect analytical effort toward verification and

exception management, such that they erode the very capacity they were meant to expand.

To empirically answer the question of how algorithmic governance influences bureaucratic
capacity, | focus on predictive algorithms for detecting and preventing child abuse and
maltreatment. In the U.S., some Child Protective Services (CPS) agencies have implemented
predictive algorithms to support decision-making in the screening process on each referral to
mitigate the workload for social workers (Gillingham, 2019). Hence, this paper uses the data
from National Child Abuse and Neglect Data System (NCANDS) to estimate the impact of the
implementation of predictive algorithm on the rate of substantiating reported cases of abuse or

neglect.



Utilizing the year of algorithm implementation as a quasi-treatment within a stacked
difference-in-differences framework, I find that adoption does not increase the overall number of
investigations but is followed by a significant decline in substantiation rates. The concentration
of the decline among high-yield professional referrals, together with rising re-referrals after
unsubstantiated investigations, strengthens the interpretation that adoption reduced analytical
capacity. To probe the behavioral mechanism indirectly, I also examine whether investigation
decisions become more aligned with the pseudo-model risk score after adoption. This alignment
strengthens only after repeated use, consistent with deference that consolidates through practice
rather than arriving with the tool. Under shocks to the accountability environment—unexpected
increases in state maltreatment fatalities—the alignment persists even as decisions in comparison
states become less tied to underlying risk, providing suggestive evidence that algorithmic
recommendations may become procedurally defensible defaults. Race-stratified analyses show
no detectable new white/non-white divergence, a pattern consistent with parity by stagnation
rather than an equity gain. Together, these results suggest that far from enhancing capacity,
current algorithmic implementations foster routinized deference that gradually erodes the

analytical core of bureaucratic work.

Algorithmic Governance and Bureaucratic Capacity

Recent advances in artificial intelligence (Al), particularly predictive algorithms and
machine learning-based decision tools, have been posited as solutions to mitigate the cognitive
and operational constraints (Eubanks, 2018; Meijer and Wessels, 2019; Mergel et al., 2023). This
perspective is not merely academic. It is explicitly echoed in U.S. government policy. Across
multiple administrations, Executive Orders (e.g., EO 13960, EO 14110, EO 14179) and OMB

memoranda direct federal agencies to leverage Al to foster innovation, enhance government



operations, and improve the efficiency of public service delivery (Congressional Research
Services, 2025). In other words, recent predictive algorithm tools are increasingly promoted as
decision aids intended to support bureaucratic decision-making, offering Al-generated
recommendations that aim to assist street-level bureaucrats in making more consistent and

unbiased decisions (Ludwig et al., 2024).

Under this view, we can consider bureaucratic capacity as a stock of resources, such as the
human, technical, informational, and organizational assets an agency holds (Ingraham et al.,
2003; Bertelli and Lynn 2006; Christensen and Gazley, 2008; Bello-Gomez, 2020). Accordingly,
when an agency adopts Al tools, those tools are expected to enhance its capacity along two
dimensions: analytical capacity, or the ability to interpret complex information and detect
patterns in high-dimensional data in order to support sound decision-making; and operational
capacity, or the ability to process cases efficiently, consistently, and at scale (Wu et al., 2015).
First, Al systems may strengthen analytical capacity by rapidly synthesizing large volumes of
data and detecting patterns beyond human cognitive reach. For example, Kleinberg et al. (2018)
conducted a quasi-experimental study showing that predictive algorithms can improve judges’
analytical capacity on whether to detain or release individuals, ultimately reducing crime rates.
Similarly, Angelova et al. (2023) examined judges’ decisions to override algorithmic
recommendations on jailing or release decisions and found that only approximately 10% of
judges demonstrate superior accuracy and fairness compared to the algorithms. Second,
operational capacity can be expanded as algorithms reduce processing times and introduce
standardized decision-making procedures across administrative settings, thereby improving
throughput and consistency (Bullock et al., 2020). For example, in policing and risk-based

workplace safety inspections, predictive algorithms enhance operational capacity and standardize



previously inconsistent decision-making processes, thereby improving overall agency throughput

(Mohler et al., 2015; Johnson et al., 2023).

However, considering capacity as a stock of resources builds the optimistic conclusion into
the concept itself: adopting a tool is, by definition, an addition to the stock, so adoption can only
be considered as a gain. The difficulty is that a resource an agency possesses is not the same as a
resource it can deploy. What governs case-level decision quality is not the assets an agency holds
but the share left free for individualized judgment once routine demand is met (Nohria and
Gulati, 1997; Elston and Zhang, 2025). This distinction is important for studying Al adoption,
given that Al shapes decisions through its use under workload rather than through its presence in
the agency’s inventory (Williams, 2021). In other words, the same tool can add capacity when it
offloads routine cases and frees workers for complex ones, or drain it when the time it frees is
reabsorbed into verifying scores, managing exceptions, and clearing queues. Whether Al
adoption increases or decreases capacity—and whether it does so through the analytical or the
operational dimension—is ultimately an empirical question. This distinction aligns with recent
calls to evaluate Al not only by model performance, but by its downstream effects on

organizational work, judgment, and capacity in practice (Hauser et al., 2025).

Empirical findings on algorithmic adoption are mixed. Some studies find gains in efficiency
or consistency (Kleinberg et al., 2018; Angelova et al., 2023), while others find unintended
consequences that undermine the capacities these tools were meant to expand (Alon-Barkat and
Busuioc, 2023; Moynihan et al., 2025). A growing literature suggests that these divergent
outcomes turn less on whether algorithms are present than on the ways in which decision-makers
interact with algorithmic recommendations in practice (Kellogg et al., 2020; Waardenburg et al.,

2022; Vaccaro et al., 2024). The dominant explanations for problematic interaction operate at the



individual level. Parasuraman and Manzey (2010) showed that decision-makers under high
workloads monitor automated systems less attentively (automation complacency) and treat
automated advice as a heuristic substitute for their own information search (automation bias). In
public sector settings, such over-reliance is further patterned by decision-makers’ priors:
bureaucrats adhere to algorithmic advice most readily when it matches stereotypes of client
groups (Alon-Barkat and Busuioc, 2023) or confirms their prior professional judgment (Selten et
al., 2023). These accounts locate the problem of human-Al interactions in individual cognition
shifts, implying that over-reliance on Al reflects changes in individual decision-making
processes. Yet street-level bureaucrats are not isolated information processors. They make
decisions within organizations that assign caseloads, audit dispositions, and allocate blame when
decisions go wrong (Lipsky, 1980; Hood, 2011). However, less attention has been given to how
this organizational context transforms individual tendencies toward over-reliance into

organizational patterns of practice.

I therefore propose the concept of “routinized deference” to describe the process by which
reliance on algorithmic recommendations hardens from an individual cognitive shortcut into an
organizationally expected mode of operation: a default decision routine sustained not by trust in
the tool’s accuracy but by the procedural defensibility of following it and the personal cost of
departing from it. I develop the concept in two steps: the driver that sustains deference, and the

process through which it consolidates.

The first feature concerns what sustains deference: the asymmetry of accountability inside
public organizations. Blame for failure weighs more heavily on front-line bureaucrats than credit
for success (Weaver, 1986; Nielsen and Moynihan, 2017). Under this accountability pressure,

decision-makers therefore move to the option that is easiest to justify (Lerner and Tetlock, 1999),



and the algorithmic score supplies such an option. More specifically, the organization’s
accountability structure embeds an asymmetry in the cost of following versus declining the
algorithm’s recommendations. A worker who follows the score and errs is procedurally covered:
the decision conformed to the sanctioned instrument, and the presence of an algorithmic system
further complicates how responsibility for the outcome is attributed (Busuioc, 2021; Alon-Barkat
et al., 2025). A worker who overrides the score and errs, on the other hand, owns the error
personally, and the override itself typically demands justification in the form of documentation,
supervisory sign-off, and a defensible reason to depart from the number (Porter, 1995; Espeland
and Sauder, 2007; Artinger et al., 2019). Deference, in this account, is less a cognitive failure

than a rational adaptation to a blame-averse organizational environment (Hood, 2011).

The second feature concerns how deference consolidates through repetition in the front-line
workflow. Organizational routines form as recurrent practice stabilizes into procedural memory
(Cohen and Bacdayan, 1994) and acquires taken-for-granted status (March and Simon, 1958;
Nelson and Winter, 1982; Feldman and Pentland, 2003). Deference to the algorithmic score
follows the same pattern. Early in adoption, workers treat the recommendation as one signal to
weigh against their own reading of a case (Christin, 2017; Brayne and Christin, 2021) and
override recommendations they judge to be wrong (De-Arteaga et al., 2020). With repetition and
sustained accountability pressure, however, verification gives way to default. For example, in a
police organization observed over three years, Waardenburg et al. (2022) show that stable
reliance on algorithmic outputs was not present at deployment but emerged gradually through
organizational practice. Studies of hospital settings find the same erosion: clinicians under time

pressure gradually come to rely on Al decision support and, after a period of routine use, exhibit



“deskilling,” with lower detection rates when the Al is absent (Rinta-Kahila et al., 2023; Budzyn

et al., 2025).

Routinized deference is therefore expected to erode the analytical capacity of front-line
bureaucrats. As defaulting to the algorithm becomes standard practice, the cognitive effort once
devoted to independent diagnosis is crowded out; analytical work migrates from diagnosis to
exception management, and capacity is reallocated away from individualized appraisal even as
some operational metrics improve. In the ideal version of human-Al interactions, front-line
bureaucrats retain their own judgment precisely because even a well-designed screening tool will
misrank some cases. When workers read a case independently, the two imperfect readings—the
worker’s and the model’s—check one another, and a misleading score can be caught before it
becomes a disposition. Routinized deference, however, disables that check: the decision
collapses onto the model’s reading alone, and the tool’s errors pass through into dispositions
uncorrected. In this way, adoption can increase the stock of analytical resources an agency holds
while shrinking the analytical capacity it deploys at the case level. Such arguments lead to the

following hypothesis:

H1: The adoption of predictive algorithms will reduce bureaucratic analytical capacity.

Second, routinized deference reshapes the distributive pattern of bureaucratic capacity,
raising crucial questions about equity. A significant body of literature highlights the risk of
algorithmic discrimination (Eubanks, 2018). When inputs are incomplete, mismeasured, or
unrepresentative, outputs are more likely to systematically misclassify some cases and overlook
others (Arnold et al., 2021). Basu (2021) formalizes how measurement error in outcomes or
predictors can generate algorithmic discrimination even when designers seek fairness, and Basu

et al. (2024) show in health contexts that group-differential measurement error can yield



discriminatory predictions despite race-neutral specifications. Similarly, other studies show that
homogenized scoring and proxy-based objectives can create correlated errors that systematically

disadvantage specific groups, thereby widening disparities (Obermeyer et al. 2019).

Conversely, some scholars argue that algorithms can mitigate existing human biases,
thereby promoting fairness. From an equity perspective, standardized discretion, a key
characteristic of artificial discretion, helps mitigate the potential threat of bureaucratic discretion
abuse (Bullock, 2019; Bullock et al., 2020). In other words, algorithms offer consistency and
data-driven accuracy that can curb the disparate treatment resulting from human prejudices. For
example, Kleinberg et al. (2018) found that artificial discretion could reduce racial bias in
pretrial detentions by eliminating some inconsistent and overly harsh decisions made by human
judges. Similarly, Bartlett et al. (2022) found that Al-based credit scoring was more consistent

and less biased than credit assessments by human loan officers.

This paper reframes the debate by proposing a third possibility rooted in routinized
deference. Because deference is sustained by an asymmetry in accountability that workers share,
rather than by any single worker’s cognition, adoption does not merely change individual
decisions but homogenizes them. Cases that once passed through different workers, each
applying their own reading, now pass through a single scoring logic, a condition Kleinberg and
Raghavan (2021) call algorithmic monoculture. Prior research on human—Al interaction
anticipates new biases rooted in workers’ priors: bureaucrats adhere most readily to advice that
matches stereotypes of client groups (Alon-Barkat and Busuioc, 2023) or confirms their prior
professional judgment (Selten et al., 2023), such that adoption reproduces or even widens pre-
existing patterns of discretionary variation. The expected distributive consequence of routinized

deference, by contrast, is neither targeted harm nor an equity gain but what I term parity by
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stagnation: groups remain comparable to one another not because the agency serves them

equitably but because its capacity to serve them erodes at a common rate.

And this uniform misclassification will burden the system from two directions. On one side,
false positives, incorrectly flagging an individual for intervention or inclusion, often lead to the
misallocation of agency resources, whether through wasteful investigations or improper benefit
distribution. On the other, false negatives, failing to flag an individual who warrants intervention
or inclusion, can represent a core failure of the agency’s mission. Such errors impose significant
administrative burdens on clients, who must navigate complex appeals or seek redress. This, in
turn, generates a reactive workload for the agency, as staff time is consumed by responding to
these complaints and managing the crises that may result from the initial failure. Moynihan et al.
(2025) characterize such environments as governed by “clawback logics,” in which automation
channels small score biases into recovery actions and documentation cycles that absorb staff time

without improving underlying judgments.

This feedback loop, where the agency must manage the fallout from both error types, means
operational capacity fails to improve while analytical capacity erodes. The burden falls not
necessarily on a specific demographic group, but on the system’s overall efficiency. This

mechanism yields a second hypothesis:

H2: The adoption of predictive algorithms will lead to a uniform erosion of bureaucratic

capacity without creating new between-group disparities.

The effect of predictive algorithms on child abuse and maltreatment

This paper focuses on predictive algorithms used in detecting and preventing child abuse

and maltreatment. In the United States, child abuse and maltreatment pose a serious problem.
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According to CDC statistics, approximately 1 in 7 children experienced child abuse in 2023.
Additionally, the Children’s Bureau estimated that around 600,000 children were victims of
maltreatment, and 1,820 children died from neglect and abuse in 2021 (Administration for

Children and Families, 2023).

CPS agencies are generally housed within state departments of human services and carry
out casework through local or county offices.! Initially, upon receiving a referral, intake workers
decide whether to screen in or screen out.? Common screen-out reasons include allegations
unrelated to abuse or neglect, insufficient information, jurisdictional conflicts, or involvement of
children over 18 years (Administration for Children and Families, 2022). Screened-in referrals
move to investigation, where caseworkers assess whether maltreatment occurred. This decision-
making process, both with and without algorithmic support, is a complex exercise in professional
judgment. Caseworkers must synthesize a wide array of evidence, from tangible documents like
medical and police reports to more subjective assessments based on interviews with the child,
caregivers, and other sources. They must also weigh immediate safety threats against longer-term
risks, and balance child vulnerabilities against caregiver protective capacities (Font and Maguire-
Jack, 2022). In most states, these factors are weighed against a “preponderance of the evidence”
standard, meaning a report is substantiated if it is determined that maltreatment was “more likely
than not” to have occurred. Substantiated cases may then receive post-response services such as

foster care (Administration for Children and Families, 2022).

41 states run CPS through a centralized state system, 9 delegate primary authority to counties, and 2 use hybrid
systems.

2 At CPS intake, referrals are screened in when they meet statutory/policy criteria for a CPS response—becoming
“reports” that receive investigation or an alternative response; referrals that do not meet these criteria are screened
out.
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Each year, CPS agencies handle roughly 4.28 million screened-in referrals nationwide,
placing immense pressure on frontline staff. While a comprehensive national figure for caseloads
per worker is unavailable, data from reporting states reveal the extreme and uneven nature of
these workloads. For instance, staffing levels vary widely across reporting states: Wisconsin’s
screeners handled about 16 cases per worker in 2022, whereas Missouri’s averaged about 1,754;
the weighted national ratio across reporting states is about 273 cases per worker (median = 364)
(Administration for Children and Families, 2022).?> Excessive caseloads assigned to individual
child protection workers have been linked to a higher probability of burnout (Fryer Jr and
Miyoshi, 1989; Conrad and Kellar-Guenther, 2006) and compassion fatigue (Conrad and Kellar-
Guenther, 2006; Sprang et al., 2011), ultimately leading to decreased performance (Leake et al.,
2017; McFadden et al., 2018). To relieve workload and curb unwarranted variation in
discretionary decisions, some state and county CPS agencies have begun adopting predictive risk
models for the screening stage. These tools are not issued by a single national authority; instead,
they are developed locally or purchased from vendors, leading to a patchwork of models across
the country (Gillingham, 2019). For instance, many jurisdictions now contract with Eckerd
Connects to use its Rapid Safety Feedback (RSF) predictive-analytics model during screening.
RSF was first developed in Florida and applies historical child-welfare and related administrative
data to flag referrals that resemble past cases with severe harm so supervisors can give those

referrals extra scrutiny (Commission to Eliminate Child Abuse and Neglect Fatalities, 2016).

More generally, available descriptions of child-welfare predictive analytics characterize

these systems as decision-support tools that draw on historical child-welfare records and, in some

3 Author’s calculation using screened-in referral and staffing data from the 2022 Child Maltreatment report. The
national weighted ratio and median are calculated using the subset of states for which both data points were
available.
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jurisdictions, linked administrative data to estimate risk at the front end of the CPS process
(ASPE, 2017; Vaithianathan et al., 2019). Predictive models process referral information and
administrative histories and translate them into outputs such as risk scores. Depending on the
jurisdiction, these outputs may inform screen-in decisions and prioritization, though they are
generally presented as aids to professional judgment rather than as fully automated substitutes
for caseworker decision-making (Gillingham, 2019; Cheng and Chouldechova, 2022). While the
specific inputs, display formats, and workflow rules vary across tools, the common change is the

insertion of predictive risk information into CPS screening decisions (Inman and Adams, 2026).

Furthermore, child protection is a classical blame-avoidance environment. Child
maltreatment fatalities routinely trigger media scrutiny, legislative inquiry, and disciplinary or
even criminal action against individual caseworkers, and a substantial literature documents the
defensive practice this environment produces (Regehr et al., 2010; Gainsborough, 2010; Chenot,
2011; Jagannathan and Camasso, 2017). For example, research on the actuarial risk-assessment
instruments (checklist-based tools such as structured decision-making frameworks) found that
frontline workers used them less as diagnostic aids than as devices for justifying decisions to
supervisors and external reviewers (Gillingham and Humphreys, 2010). Predictive screening
tools inherit this function, and their deployment protocols formalize it. While workflow rules
vary across jurisdictions, publicly documented implementations describe design features that
attach procedural weight to the score, such as supervisory approval requirements for departures
from the recommended action (e.g., Vaithianathan et al., 2019). Some qualitative studies of
workers using predictive algorithmic risk systems describe the burden of documenting and
justifying decisions that depart from the displayed score (Cheng and Chouldechova, 2022;

Kawakami et al., 2022).
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While the primary aim of predictive algorithms is to alleviate the burden on child protection
workers, some research suggests that these screening tools may actually exacerbate existing
problems. For instance, Gillingham (2019) conducted a study on screening tools used in
Philadelphia and Illinois, raising concerns about the accuracy of the predictive algorithm results.
They argue that inaccuracies in the predictive algorithm could lead to overestimation of
maltreatment cases for thousands of children, thereby increasing the burden on child welfare
workers. Conversely, Marshall and English (2000) and Schwartz et al. (2017) have expressed
optimism regarding the accuracy and effectiveness of screening tools in detecting child abuse.
However, most recent studies on the effectiveness of these tools have focused on only a few
cases within specific agencies. This ongoing debate on the tools’ fundamental effectiveness
mirrors the broader theoretical idea that whether Al adoption can expand or erode the

bureaucratic capacity.

Moreover, another significant thread in the literature addresses the social equity of
predictive algorithms in child protection screening, specifically examining whether their
predictive algorithms disproportionately flag historically over-surveilled groups. For example,
Cheng et al. (2022) analyzed data from Allegheny County and found that predictive algorithms
indeed generate racial disparities, but intake workers play a role in mitigating this effect.
Conversely, Rittenhouse et al. (2022), utilizing quasi-experimental methods on Allegheny
County data, concluded that predictive algorithms help to mitigate racial disparities. This
unresolved debate in the child welfare context mirrors the broader theoretical tension regarding
algorithmic fairness and directly motivates this paper’s investigation into the distributive patterns

of algorithmic impacts.

Data and Method
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This paper utilized the National Child Abuse and Neglect Data System (NCANDS) from
2010 to 2023, which collected case-level data from all 50 states. NCANDS achieved this by
compiling electronic records tailored to each child for reports of suspected child abuse and
neglect handled by CPS (OASH, 2024). The data encompass child demographic information,
types of maltreatment, levels of maltreatment disposition, information on child and caregiver risk

factors, and records of post-investigation services.

NCANDS records final determinations in seven categories—substantiated, indicated/reason
to suspect, alternative response victim, alternative response nonvictim, unsubstantiated,
unsubstantiated due to intentionally false reporting, and closed—no finding—where substantiated
denotes that CPS concluded the legal threshold for maltreatment was met. Building on these
dispositions, I operationalize two facets of capacity at the investigation stage: operational
capacity as the volume of investigations initiated, and analytical capacity as the substantiation
rate conditional on investigation (the share of screened-in reports ultimately substantiated). To
analyze policy-relevant variation, I aggregate case-level NCANDS records to the county—year
level, producing a panel that tracks investigation volume and substantiation rates across counties

and over time.

Because prior work documents variation in CPS contact across demographic groups, equity
implications remain an active area of inquiry in child-welfare risk modeling (Wildeman and
Emanuel, 2014; Maguire-Jack et al., 2021; Stapleton et al., 2022). Accordingly, I also construct
race-stratified versions of both outcomes—investigation volume and substantiation rate—for
white and non-white children. I rely on a white/non-white comparison because more
disaggregated racial and ethnic categories produce sparse county-year cells once the data are

stratified by event time and treatment cohort. While this aggregation improves statistical
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stability, it also masks potentially important heterogeneity among Black, Hispanic, Native

American, Asian, and other non-white children.

This study uses the report by Samant et al. (2021) to identify the implementation year of the
predictive algorithm in each county. The authors compiled data from multiple publicly available
sources, including news articles, predictive tool developers’ websites, and official reports by state
child welfare agencies, and supplemented this with a questionnaire sent to state agencies to
verify the year of implementation. Samant et al. (2021) classified adoption into five stages: In
use, Consulting, Explored, Dropped, and None found. For this analysis, I define treatment
counties as those classified as “in use,” meaning the predictive tool was actively used either on a
pilot or regular basis. I exclude counties labeled as “explored” because this category indicates
that the tool was not implemented or that no confirmable discontinuation could be found, making
implementation status uncertain. These counties are excluded from both the treatment and
control groups to avoid misclassifying counties with uncertain treatment status. Counties
categorized as Consulting (where development, adoption, or partnerships were being explored)
and those with None found (no mention of the tool in official or media sources) are included in
the control group, since there is no evidence of actual tool use. For the counties categorized as
Dropped, the post-discontinuation county-years are excluded from the treated exposure window

rather than retained as treated or recoded as controls.

Although the tools coded as “in use” vary in vendor and input data, they share a common
organizational function: each introduces predictive risk scoring into the CPS screening process to
guide screen-in decisions (ASPE, 2017). I therefore treat adoption as exposure to a class of
predictive-screening interventions rather than to a single standardized algorithm. My estimates

capture the average effect of this common risk-scoring function across heterogeneous local
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implementations. Table 1 organizes the years when counties started to implement this new

technology.*
<Table 1 Here>

My empirical strategy examines changes in the annual investigation-stage outcomes—the
number of investigations initiated and the substantiation rate—in counties where the algorithm
was implemented relative to those where it was not, both before and after the implementation of
the predictive algorithm for the screening process. Because two-way fixed-effects (TWFE)
estimators confound treatment effects that arrive in different years, I adopt Wing et al.’s (2024)
stacked difference-in-differences approach to estimate the results. Specifically, I carve the data
into a series of balanced sub-experiments (one for every adoption year a) and then append the

sub-experiment panels row-wise into one stacked dataset.

For each county i, adoption cohort a, and event time e = t — a, let

Kpost
YViae = Z .Bk Algorithmia I(e = k) + Yi + 6e + €ige

kz_kpre

As previously mentioned, my dependent variable y;,, is the investigation-stage outcomes
for each county i, in event year e, within the sub-experiment whose focal adoption year is a. The
variable Algorithm,;, equals 1 if the county i belongs to the treatment arm of sub-experiment a,
and 0 otherwise. The variable I (e = k) is an indicator for event year k. The baseline year is one

year before the implementation (event year (k) = -1), and the f3;, represents the change in the

4 Samant et al. (2021) only collected data until 2021. After 2021, I verified county use via searches of major news
databases, state/county procurement records, CPS agency minutes/reports, and vendor announcements.
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investigation-stage outcomes in the treatment county at year k relative to the control county,

compared to the control year. y; and §, is county and event time fixed effects.

Each observation is weighted by the product of an inverse-probability weight (IPTW) that
balances covariates within a sub-experiment and a corrective “stack” weight that restores balance
across sub-experiments. For the inverse-probability weights, the propensity score is estimated
using a logistic regression that includes an extensive set of county-level variables measured in
2010—the first year observed for every county and well before any algorithm adoptions.
Specifically, the model includes baseline health outcomes (premature-death rate; share reporting
poor or fair health; average days of poor physical and mental health; low-birth-weight rate; teen-
birth rate), insurance status (share of uninsured adults), education and labor-market indicators
(high-school-graduation rate, unemployment rate), economic wellbeing (children in poverty,
income-inequality ratio), food access (share with reasonable access to healthy foods), and family
structure (share of single-parent households). By balancing counties on this comprehensive set of
pre-algorithm characteristics, the IPTW step helps ensure that treated and control counties are
comparable on factors that could simultaneously affect both the decision to adopt the predictive

tool and subsequent substantiation outcomes. The weighting values are calculated as:

Wiq = IPTW;q X Qi

. . 7,-’t'(Xia)
IPTW;, = Algorithm;, + (1 — Algorithm;,) T(X)
a

1, if Algorithm;, =1

———,if Algorithm;; = 0
NE/NE if Algorithm;,
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, where NI (N£) is the treated (control) sample size in sub-experiment a and N§ (N§) is the total
across all admissible adoption year (. Hence, the previous regression is estimated by weighted

least squares with weights w;, and standard errors clustered at the county level.

Overall, each coefficient 5}, summarizes the estimated difference between adopting and
comparison counties k years before or after adoption, measured relative to the year immediately
before adoption (k = —1). For example, 3, captures whether adopting counties changed more or
less than comparison counties between the baseline year and two years after adoption. Because
treatment timing varies across counties, each S, aggregates the cohort-specific difference-in-
differences contrasts available at that event time under the stacked DiD weights. The pre-
treatment coefficients (k < 0) serve as lead estimates for assessing differential pre-trends, and
the post-treatment coefficients (k > 0) trace the dynamic impact of the predictive algorithm on

investigation-stage outcomes.
Results

Following my identification strategy, I estimate a stacked difference-in-differences model
on the full sample to assess how algorithmic tools affect bureaucratic capacity in child protection
screening. Firstly, I focus on analytical capacity, using the substantiation rate as the outcome. As
shown in Figure 1, the pre-treatment coefficients are generally indistinguishable from zero. The
coefficient at t= -4 is marginally significant (-0.022; p<0.10), but its small magnitude and
isolated nature suggest no systematic trend. Consistent with this interpretation, a joint Wald test
of the pre-treatment coefficients is not statistically significant (p-value = 0.18). Overall, the
pattern of the pre-treatment coefficients supports the parallel-trends assumption. In the post-

treatment period, Figure 1 shows no effect in the first two years, but a statistically significant
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decline thereafter. The average post-treatment effect is —0.027, representing a substantive 15.2%

reduction from the baseline substantiation rate of 0.178.

<Figure 1 Here>

While this result indicates a meaningful shift in frontline outcomes, it does not, on its own,
confirm that algorithmic tools undermine bureaucratic analytical capacity. Instead, the decline
could be explained by two different mechanisms. First, the misclassification channel holds that
imperfect model accuracy leads to errors in prioritization. This could manifest as either diverting
caseworker effort toward lower-yield referrals (false positives) or failing to flag high-risk
referrals for necessary scrutiny (false negatives), either of which would be expected to reduce the
overall substantiation rate. In other words, a misclassification channel would lower analytical
capacity by diverting attention to low-yield referrals, which should appear as a decline in the
substantiation rate without a corresponding rise in investigations and with longer investigation
durations as exception management and corrective checks accumulate. Second, the efficiency
channel suggests that automating routine screening tasks increases operational capacity to free up
caseworker capacity, allowing them to initiate a greater number of investigations, including
lower-yield cases, and thereby diluting the share of cases that meet the substantiation threshold.
To adjudicate between these explanations, I next examine how the algorithm affects total
investigation volume. If the decline stems from operational improvements, we should observe an
increase in the number of investigations. If, however, no operational capacity improvements are

observed, this would point toward analytical misclassification as the dominant mechanism.

In Figure 2, I regress the total number of investigations initiated per county on event-time
indicators using the same stacked DiD design. All pre- and post-treatment coefficients are

statistically insignificant (with only the t = 1 estimate marginally significant). In other words, this
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result counters the efficiency-channel argument that the predictive algorithm increases
operational capacity and allows case workers to investigate more cases. Figure 3 presents the
event-study estimates for the average number of days per investigation. The pre-treatment
coefficients remain tightly clustered around zero, with only one minor outlier that appears by
chance rather than as part of any trend. The post-treatment coefficients are statistically
significant. The mean post-treatment effect is 7.36 days, which, relative to a baseline of 52.01
days in event year -1, corresponds to an approximate 14 percent increase in investigation
duration per case. This pattern suggests that instead of streamlining screening workflows, the
algorithm is associated with longer case processing, further challenging the notion of operational
improvement. This interpretation, however, rests on the key assumption that algorithm adoption
does not coincide with other major shifts, such as changes in agency resources or front-end
screening patterns. To formally test these alternative explanations, I conducted two
supplementary analyses (see Appendix 1). The results confirm that neither the volume of

screened-out referrals nor frontline staffing levels changed significantly after algorithm adoption.

<Figure 2 Here>

<Figure 3 Here>

To further unpack the drop in substantiation following algorithm introduction, I stratified
reports by source yield. I define high-yield referrals as those from professional reporters (social
services personnel, medical personnel, mental health staff, law enforcement, and education
personnel) and low-yield referrals as those from informal sources (other relatives, friends or
neighbors, alleged perpetrators, and anonymous reporters). Figure 4 plots the stacked DiD
estimates for high-yield referrals. All pre-treatment coefficients are statistically indistinguishable

from zero, while the post-treatment coefficients in event years +3 and +4 are sharply negative
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and significant (p < 0.05), indicating a sustained decline in substantiation rates for high-yield
cases. In contrast, Figure 5 shows that none of the post-treatment coefficients for low-yield
referrals is significantly different from zero, and the substantiation rate among informal sources

remains flat after the algorithm’s application.

An efficiency-driven increase in capacity would predict a dilution of substantiation across
all referral types, or even an uptick in low-yield investigations, yet I observe a decline only
among high-yield cases. While this evidence does not identify mechanism on its own, it is more
consistent with a misclassification channel in which professionally sourced reports are de-
prioritized relative to their true risk. The algorithm systematically incorrectly ranks high-risk,
professionally sourced reports as low-risk, causing caseworkers to under-investigate them (i.e.,
affording them routine rather than heightened investigative effort) and driving down the
substantiation rate exclusively among high-yield referrals. In sum, the post-adoption decline in
the substantiation rate, unchanged investigation counts, and longer case durations indicate

declining analytical capacity (supporting H1) and no increase in operational capacity.

<Figure 4 Here>

<Figure 5 Here>

The previous evidence is consistent with a misclassification channel, but it cannot by itself
rule out another interpretation: the decline in substantiation reflects improved triage rather than
eroded capacity. If pre-adoption substantiation rates were inflated—if caseworkers historically
over-substantiated professionally sourced referrals by weighting source credibility above case
evidence—then a tool that redistributes effort away from these cases would be correcting a prior

bias, and falling substantiation would signal improvement rather than eroded capacity. The high-
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yield stratification weighs against this interpretation but does not fully rule it out. To adjudicate
between the two, I examine a downstream outcome more proximate to child safety: whether

children whose index investigation closed unsubstantiated are subsequently re-referred to CPS.

The two interpretations make opposing predictions on the re-referral rates. Under beneficial
correction, cases newly diverted out of substantiation are ones the algorithm correctly identifies
as low-risk; re-referral among this group should not rise. Under capacity erosion, the
unsubstantiated pool comes to contain genuinely high-risk cases that the algorithm misranked as
low-risk; re-referral among this group should rise. Hence, I construct a child-level measure—the
share of children with an index unsubstantiated investigation who receive a new screened-in
report within twelve months of the index report date—and estimate the stacked DiD design.
Figure 6 presents the event-study estimates. The pre-treatment coefficients are clustered near
zero, and the post-treatment coefficients turn positive and significant beginning in event year +2.
The average treatment effect implies a 1.12 percentage point increase relative to a baseline rate
of 15.84%, a 7.1% rise. The timing of this increase coincides with the substantiation decline:
both outcomes remain flat for the first two post-adoption years and change only at event year +2.
This pattern indicates that the substantiation decline reflects an erosion of analytical capacity

rather than an improvement in triage.
<Figure 6 Here>

The evidence assembled so far—a decline in substantiation, no increase in investigations,
longer case durations, a concentration of decline among professionally sourced referrals, and a

rise in re-referral rate—indicates that algorithm adoption eroded analytical capacity through

misclassification. But these results, on their own, cannot prove that the erosion of analytical

24



capacity is due to routinized deference. In other words, this raises the question of how frontline
staff used the tool, and whether they deferred to an error-prone score rather than exercising the

independent judgment that the tool happened to mislead.

There are two potential mechanisms through which predictive algorithms could cause
capacity erosion, and both begin from the same premise: that the tool generates flawed rankings.
They differ in what they assume about worker behavior. First, workers continue to exercise
independent judgment: they weigh the score as one input among several, but outcomes
deteriorate because that input is systematically misleading. Second, under the routinized
deference mechanism developed above, workers increasingly default to the score in place of

independent appraisal, so the tool’s flawed rankings pass into dispositions uncorrected.

Two features of the evidence distinguish these mechanisms. First, the timing aligns more
closely with routinized deference. If the tool were simply inaccurate and worker behavior did not
change, its error profile would be fixed at deployment and would not evolve over time, and the
effects should appear immediately. However, most of the capacity outcomes move after event
year 2. The sustained break after year 2 is consistent with the possibility that workers still check
the tool against their own judgment at the beginning, but over time, leaning on the score becomes
the default, and judgment gives way. In other words, the two-year delay traces how deference to
algorithmic recommendations consolidates into workers’ routines and gradually displaces
independent judgment. While the earlier increase in investigation duration might appear to cut
against this interpretation, duration captures downstream investigation length rather than the
brief screening decision where deference would save time. Where flawed rankings redirect
attention toward the wrong cases, investigations may run longer even as the initial use of the

score becomes more routine.
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Second, to more directly test how workers interact with the algorithmic risk score, the ideal
test would require the actual risk score for each case. However, the deployed model’s
specifications are not public. Instead, I approximate it with a pseudo-algorithm trained on
historical data using similar modeling procedures (Allegheny County, 2019). Hence, I replicate a
predictive screening model using NCANDS data from 2000 to 2009. Specifically, I train a
LASSO logistic regression to predict substantiation outcomes based on detailed child-,
caregiver-, and perpetrator-level variables. After sorting each child’s referrals chronologically
and retaining only the first report per child, the final analytic sample includes over 18 million
unique investigations. I use reports from 2000 to 2007 (approximately 14.6 million cases) as a
training set and reserve the 2008 to 2009 data (around 4 million cases) as a strict holdout
validation cohort, ensuring that no child appears in both sets (see Appendix 3 for the detailed
training procedure). When applied to a held-out 2008—-2009 validation cohort, the model

achieves an area under the curve (AUC) of 0.931, indicating strong predictive performance.

Using the pseudo risk score for each case, I estimate the gradient of investigation decisions
on the case-level risk score for each county-year, within the stacked DiD design. This gradient
serves as a proxy for how strongly a high-risk score inclines workers toward investigating a case.
Figure 7 shows that the gradient steepens significantly after adoption (average post-treatment
effect = 0.054). The increase builds over time: it is present but modest in the first post-adoption
years and rises sharply from year 2, mirroring the delayed trajectory of the substantiation and re-
referral outcomes. This pattern indicates that workers’ decisions came to track algorithmic
recommendations increasingly closely over the post-adoption period, which points to routinized

deference as the more likely mechanism.

<Figure 7 Here>
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This analysis relies on a pseudo risk model rather than the deployed risk model, and it is
important to acknowledge that the two differ. Most notably, the pseudo-algorithm omits cross-
system inputs, such as criminal-justice or housing records, that some deployed tools incorporate.
Two considerations limit the consequences of this gap for my conclusions. First, the analysis
does not require the pseudo-score to match the deployed score exactly, only to rank cases by risk
in broadly the same order. Even if the pseudo-score is a noisy approximation of what workers
actually saw, this noise would weaken the measured gradient rather than inflate it. That I
nonetheless find a significant gradient implies that, with the true score, workers’ reliance would
appear at least as strong. Second, identification rests on how the gradient changes after adoption,
not on its cross-sectional level: because the pseudo-score is generated by a single model, any
systematic gap between it and the deployed score is differenced out and does not account for the
post-adoption trend. Hence, the pseudo-score serves as an informative proxy for the changing
interaction between workers and the algorithm, even if it does not reproduce the deployed tool

exactly.

Figure 7 establishes that frontline decisions came to track the algorithmic ranking
increasingly closely after adoption. What the alignment pattern cannot reveal, however, is why
workers increasingly follow the score. Two mechanisms could produce this trajectory. The first is
individual and cognitive: the automation complacency documented in prior work (Parasuraman
and Manzey, 2010), in which workers habituate to the tool as trust in its accuracy accumulates
with repeated use or lean on it more heavily as attention is stretched under load. The second is
routinized deference, in which deference is sustained by the asymmetry between following the
score and bearing the personal cost of overriding it. The two mechanisms are difficult to separate

directly, as administrative data contain no measures of override requirements or workers’
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perceived blame exposure. | therefore exploit shocks to the accountability environment, on
which the two accounts make competing predictions. Under automation complacency, if workers
follow the score because accumulated experience has built trust in its accuracy, a salient system
failure—a case the system did not prevent—should shake that trust and loosen alignment with
the score. On the other hand, under routinized deference, if workers follow the score instead for
the procedural protection, the same failure should have the opposite effect: by raising the
personal stakes of an unjustifiable decision, it raises the value of a procedurally defensible
decision rule. Where an adopted tool is in place, following the algorithm supplies such a rule,

and workers should remain anchored to the risk score even as blame exposure rises.

I use state-level maltreatment fatalities as shocks to the accountability environment. Fatal
child-maltreatment cases are highly salient failures that trigger media scrutiny, legislative
attention, and organizational pressure extending well beyond the office in which a death occurred
(Gainsborough, 2010; Chenot, 2011). I construct annual state fatality totals from the NCANDS
and standardize each state’s fatalities relative to its 2010—2012 baseline®. The main measure is
the larger of the standardized fatality surprises observed during the prior two years, allowing the
accountability environment created by a salient case to persist beyond the year of the death. The
analysis returns to the stacked difference-in-differences two-way fixed-effects regression behind
Figure 7, aggregated to the state level, and adds one term: the interaction between the fatality
surprise and the average treatment effect variable. The fatality surprise coefficient captures how
decisions respond to blame pressure in comparison states, and the interaction captures how

differently adopting states respond after adoption.

5 Because NCANDS records fatalities only at the state level, this analysis is conducted at the state level
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Table 2 shows that comparison states and adopting states respond differently to these
accountability shocks. Among comparison states, a one-standard-deviation increase in the fatality
surprise is associated with a 0.0040 decline in the risk-score gradient (SE = 0.0017, p = 0.023):
under blame pressure, protective decisions become less selective with respect to underlying risk.
This pattern is consistent with the defensive dynamics in prior work: publicized fatalities trigger
indiscriminate expansions of protective action at the system level (Gainsborough, 2010; Chenot,
2011) as well as defensive practice among workers under blame exposure (Jagannathan and
Camasso, 2011; Jagannathan and Camasso, 2017), whose risk judgments are themselves unstable
under stress (Regehr et al., 2010; LeBlanc et al., 2012). The post-adoption treatment effect
interaction with fatality surprise is positive (0.0027, SE = 0.0013, p = 0.039): following a recent
fatality surprise, decisions in adopting states remain more closely aligned with the risk score than
decisions in comparison states. In other words, once an algorithm has become embedded in the
workflow, its recommendation supplies a sanctioned and readily defensible focal point, and
decisions remain anchored to the risk ranking as blame exposure rises. This asymmetry supports
the notion that routinized deference is sustained not simply by confidence in predictive accuracy
or an individual cognitive shift, but by the procedural protection afforded by following an

organizationally authorized recommendation.

<Table 2 Here>

The preceding evidence supports H1, indicating a decline in analytical capacity driven by
misclassification. Hypothesis 2 addresses the distributive pattern of this decline, positing a
uniform erosion of capacity rather than the creation of new racial disparities. To test this
hypothesis, I estimate heterogeneous effects by race. I first verify that predictive algorithm

introduction did not alter the trend in the total number of investigations by race. Using the same
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stacked DiD design, I estimate event-time coefficients for the count of investigations initiated
separately for white and non-white children. As shown in Figure 8, none of the post-adoption
coefficients deviate significantly from zero for either group, indicating that overall investigation

volume remained unchanged across races following implementation.

I then re-estimate the stacked DiD model for substantiation rates, stratifying the sample by
race. Figure 9 presents the event-study estimates: circles denote white children, and triangles
denote non-white children. Throughout the post-treatment period, the confidence intervals for the
two series overlap almost entirely, suggesting no persistent racial disparity in the algorithm’s
effect on substantiation. Importantly, the average post-treatment effect is negative for each group,
consistent with uniform inefficiency (a race-constant erosion of capacity). A triple difference-in-
differences specification (see Appendix 2), in which the treatment coefficients are interacted with
a non-white indicator, yields only one marginally significant difference at event time = 3, which
is not sustained in subsequent years. Based on these results, I do not detect new racial disparities
in substantiation, and the post-adoption decline in analytical capacity appears uniform across

groups.

<Figure 8 Here>

<Figure 9 Here>

The race-stratified stacked DiD shows no detectable divergence in either investigation
counts or substantiation rates between white and nonwhite children. This parallel pattern in post-
treatment outcomes does not, by itself, establish that predictive algorithm is race neutral. It
suggests two interpretations that connect directly to the capacity framework. One possibility is

that the algorithm exhibits uniform misclassification: rankings are similarly off across groups, so
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substantiation rates decline for every group without producing new racial gaps. A second
possibility is that the algorithm carries racial bias at the prediction stage, but frontline
bureaucrats offset it in use. Caseworkers need to expend additional time and judgment to correct
group-specific errors. In other words, under uniform misclassification, the model’s predictive
behavior should be similar across groups. Under bias offset, the model should exhibit race-
specific differences in predictive performance, while investigation-stage outcomes remain
parallel because caseworkers expend additional time and judgment to correct group-specific

C1Tors.

To adjudicate between these possibilities, the ideal test would evaluate the algorithm
actually in use. As discussed before, the deployed model’s specifications are not public, so I use
the same pseudo-algorithm described above. With this pseudo-algorithm, I compute annual
county-level risk-score variation, defined as the within-county standard deviation of predicted
risk scores, for white and non-white children on the 2010 to 2023 NCANDS sample and estimate
separate event-study analyses. The goal of this analysis is not to identify a causal effect on the
scoring rule, which is immutable, but to diagnose any shifts in the underlying risk profile of
referrals at the time of adoption. Figure 10 shows that differences in score variation between the
two groups are not statistically significant and that both series exhibit nearly identical trends.
Within this NCANDS-based approximation, the pseudo-model assigns risk scores to white and

non-white cases in broadly similar ways.

<Figure 10 Here>

Extending the event-study analysis, I assess the pseudo LASSO-based risk model’s
discrimination by race using NCANDS data from 2010 to 2023. This analysis tests whether the

model’s predictive performance differs across racial groups. Separate ROC curves yield AUC
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(white) = 0.927 and AUC (non-white) = 0.909, an absolute gap of 0.018. While DeLong’s test
indicates this difference is statistically significant (p < 0.05), both AUCs exceed 0.90, indicating
only a small difference in predictive accuracy across racial groups. This small AAUC indicates
the model discriminates very slightly better for white children than for non-white children, but
both curves remain well above conventional adequacy thresholds (>0.9). Crucially, the near-
parallel receiver operating characteristic (ROC) curves (see Figure 11) imply that the relative

ranking of high- versus low-risk cases is almost identical across racial groups.

<Figure 11 Here>

The absence of post-adoption divergence between white and non-white children warrants
caution. It is consistent with a regime in which a common scoring logic homogenizes discretion,
generating correlated errors and lowering average decision quality even in the absence of shocks,
a key risk of algorithmic monoculture (Kleinberg and Raghavan, 2021). Bovens and Zouridis
(2002) also argue that the shift from street-level to system-level bureaucracy channels discretion
into ICT-driven routines, standardizing decision criteria and shrinking the space for professional
inference. In the CPS setting, such parity in trends coexists with degraded performance (slower
processing and lower yield), indicating a distributionally uniform erosion of capacity rather than

an equity gain.

Because these race-stratified diagnostics rely on the same pseudo-model as the gradient
analysis, they carry the same caveat discussed above: the pseudo-model approximates but does
not fully replicate the tools counties actually deployed. The main concern is that deployed tools
incorporate cross-system inputs, such as criminal-justice records and housing records, that are
likely more racially patterned than the data available in NCANDS, such that deployed scores

could be more race-differential than my approximation. However, Figures 8 and 9 show no
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detectable post-adoption divergence in investigation counts or substantiation rates between white
and non-white children, and the gradient analysis in Figure 7 suggests that investigation
decisions became increasingly aligned with risk-score rankings after adoption. If deployed scores
were strongly race-differential, and if those differences were transmitted into frontline decisions
without offsetting behavior by caseworkers, we would expect some corresponding divergence in

investigation volume or substantiation.

Taken together, the stacked DiD and the LASSO-based analyses inform Hypothesis 2. The
results show that adoption does not generate new racial disparities in investigation or
substantiation, and the pseudo-model exhibits high predictive performance for both groups with
only small AUC differences. At the same time, the substantiation rate declines at a similar pace
across groups. The capacity loss therefore appears to operate along non-racial lines, most
plausibly through mis-prioritization by reporter type that reduces yield without increasing
throughput. In short, the evidence is consistent with uniform inefficiency rather than group-

specific harm.

Discussion

Using a stacked difference-in-differences design, I find that the introduction of predictive
algorithms does not alter the total number of investigations but leads to a significant decline in
substantiation rates beginning in the third year after adoption. The average post-treatment
decrease is 0.027 points, or 15.2 percent relative to the baseline rate of 0.178. Mechanism tests
reveal that investigation volume remains unchanged while average investigation duration
increases by 7.36 days (14 percent), suggesting no gain in operational capacity. The added time
also does not appear to reflect more thorough casework: longer investigations did not translate

into more accurate dispositions, as re-referrals among unsubstantiated cases rose. The decline in
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substantiation is concentrated among high-yield referrals from professional reporters, whereas
low-yield referrals remain stable; this offers evidence of a misclassification mechanism that
reflects a failure in analytical capacity. The re-referral analysis weighs further against the
interpretation that lower substantiation reflects beneficial correction. Where index investigations
closed unsubstantiated, the children involved become more likely to receive a new screened-in
report within twelve months of the index report, which suggests that some cases moved out of

substantiation were not simply low-risk cases correctly triaged away.

The results—investigation counts do not rise, yields fall (especially among professionally
sourced referrals), re-referrals increase among previously unsubstantiated cases, and
investigations take longer—are inconsistent with efficiency gains. A more plausible
interpretation is that these findings are consistent with routinized deference: under workload and
accountability pressures, the algorithmic score becomes a procedurally defensible default, and it
is easier for frontline staff to follow the recommendation than to spend scarce analytical time
justifying departures from it. As this pattern repeats across the screening workflow, analytical
effort may shift from independent appraisal toward verification and exception management. The
risk-score gradient analysis lends further support to this interpretation, in that investigation
decisions become increasingly aligned with risk-score rankings after adoption. Because this
gradient steepens over time rather than appearing immediately at deployment, it is more
consistent with a gradual routinization process than with a fixed algorithm-quality problem or
individual cognitive shift. The fatality-shock analysis adds a further piece of suggestive evidence
on what sustains this alignment. If workers followed the score because accumulated experience
had built trust in its accuracy, a salient system failure should weaken that trust and loosen

alignment with the score. Table 2 instead shows the opposite asymmetry: under recent fatality
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surprises, decisions in comparison states become less selective with respect to underlying risk,
while decisions in adopting states remain anchored to the risk-score ranking. This pattern is
consistent with the accountability asymmetry at the core of routinized deference: procedural
protection of following an organizationally sanctioned recommendation becomes more valuable

precisely when blame exposure rises.

However, this evidence should be read as indirect. The data show changing outcome
patterns, increasing score-alignment, and differential responses to accountability shocks, but they
do not directly observe the behavioral and cognitive process through which caseworkers
incorporate algorithmic recommendations into routine practice. As recommendations settle into
background infrastructure, they function less as intelligence multipliers and more as queue-
clearing rules of thumb, with the attendant risk of an algorithmic monoculture that standardizes
yesterday’s discretion (Kellogg et al., 2020; Waardenburg et al., 2022; Kleinberg and Raghavan,
2021). Over time, this may further diminish analytical engagement, turning the tool into an

object of routinized deference rather than a capacity-enhancing aid.

In testing Hypothesis 2, I find no evidence from the stacked DiD analysis that the algorithm
differentially affects substantiation rates across racial groups. Event-study estimates for white
and non-white children show nearly identical post-treatment trends, and a triple-difference model
reveals no sustained racial divergence. To probe whether this reflects a race-neutral tool or bias
that is offset in use, I replicate a predictive model using historical data. Because the pseudo-
model is built on NCANDS rather than on the tools counties actually deployed, these pseudo-
model diagnostics should be read cautiously. With that caveat, the pseudo-model produces
similar risk-score dispersion across white and non-white children, and the ROC curves show

only minor differences in predictive performance. This evidence does not establish that deployed
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tools were race-neutral. Rather, together with the stacked DiD results, it suggests that adoption
did not produce detectable new white/non-white divergence in investigation-stage outcomes. The
pattern is therefore consistent with what I call parity by stagnation, a distributive implication of
routinized deference. Adoption appears to channel cases through a common scoring logic that
regularizes discretion, while analytical capacity declines at a similar rate across the two
aggregated racial groups. When the absence of detectable white/non-white divergence is read in
this light, it should not be taken as an equity gain, but as evidence consistent with uniform

capacity loss under routinized deference.

Conclusion

In this paper, I leverage staggered county-level adoption of predictive screening tools in
child protective services to find that algorithm adoption is associated with a capacity contraction,
not an expansion: investigation volumes hold steady, but substantiation drops and processing
slows. Race-stratified analyses show these negative effects are not detectably concentrated in one
racial group in the white/non-white comparison. I interpret these findings as consistent with
routinized deference, an organizational process in which algorithmic recommendations become
procedurally defensible defaults under workload and accountability pressure and gradually
crowd out analytical capacity. This interpretation helps explain why a tool designed to increase
efficiency may instead be associated with slower, lower-yield work centered on verification and

exception management.

This study makes several key contributions to public administration theory. First, it refines
our understanding of bureaucratic capacity in the age of algorithmic governance. Building on

bounded rationality and street-level discretion research, this paper proposes the concept of
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routinized deference to theorize how predictive tools can function less as intelligence multipliers

and more as queue-clearing infrastructure, compressing the space for professional inference.

Second, the findings highlight a concerning long-term trajectory of capacity erosion driven
by flawed human-AlI collaboration. The results of slower, lower-yield work are consistent with a
growing body of evidence showing that human-Al teams often underperform without the right
institutional conditions (Sele and Chugunova, 2024; Vaccaro et al., 2024). The mechanism
behind this underperformance lies less in individual cognitive shifts than in organizational
routines and accountability asymmetries. When following the score is easier to justify than
departing from it, repeated use can turn algorithmic advice into a default reference point. Over
time, this behavioral pattern may contribute to deskilling, as over-reliance erodes the fine-
grained professional judgment needed for complex cases. The ultimate risk is that organizations
do not learn or improve, but merely use technology to standardize yesterday’s discretion

(Kellogg et al, 2020; Rahman, 2021; Waardenburg et al., 2022).

Finally, this paper enriches the debate on algorithmic fairness by providing evidence
consistent with “parity by stagnation.” The uniform distribution of negative effects across the
two aggregated racial groups should not be read as an equity gain. Rather, it points to the
possibility of an “algorithmic monoculture” in which a common scoring logic regularizes
discretion and produces similar capacity losses across groups (Kleinberg and Raghavan, 2021), a

loss that appears distributionally neutral in aggregate yet remains substantively harmful.

For practice, these findings suggest that capacity should be evaluated as an attribute of use,
not merely of accuracy. If agencies are to employ predictive tools, institutional design must be
aligned with the realities of street-level work: protect analytical time, create feedback and

learning loops between outcomes and practice, and assess performance with work tempo and
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yield alongside predictive metrics (Bovens and Zouridis, 2002; Levy et al., 2021;
Grimmelikhuijsen and Meijer, 2022). These design choices shape whether algorithms function as

decision aids that sustain learning, or as routines that crowd it out.

This study has several limitations that suggest avenues for future research. First, relying on
administrative data, this analysis cannot directly observe the cognitive or behavioral processes of
routinized deference. Future qualitative or ethnographic research could provide rich, on-the-
ground evidence of how caseworkers interact with these tools. Second, this study documents an
average pattern across heterogeneous local implementations, but variation likely exists across
organizational contexts. A related limitation is that a binary treatment indicator cannot capture
the partial or gradual implementation that can occur within treated counties. Future research
could explore how factors like training or leadership might mitigate or exacerbate the tendency
toward routinized deference. Finally, the pseudo-algorithm, while informative, is an
approximation of the proprietary tools used in practice, and its performance may differ from the

undisclosed models deployed by various agencies.

In sum, the promise of predictive algorithms as capacity-expanding is not self-executing.
Capacity hinges less on the algorithmic recommendation itself than on the organizational
conditions that govern its use. Absent those conditions, routinized deference may emerge or

persist, and capacity may quietly erode.
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Table 1. Predictive Algorithms Implementation

State Policy Adoption Year Policy Dropped Year
Alaska 2016 2018
Arkansas 2020
California 2016 2018
Colorado 2017
Connecticut 2016 2019
Florida 2013
Illinois 2016 2017
Indiana 2018
Louisiana 2018 2019
Maine 2016
New Hampshire 2018
New York 2017
North Carolina 2016
Ohio 2017 2018
Oklahoma 2016
Oregon 2018 2022
Pennsylvania® 2016
Tennessee 2017
Wisconsin 2013 2018

® Only Allegheny County adopted the predictive algorithms.
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Table2. Stacked DiD Estimates of Fatality Shocks' Effect on the Risk-Score Gradient

Risk-score slope

Fatality Surprise -0.0040%**

(0.0017)
Fatality Surprise * 0.0027**
Treated-post

(0.0013)
Observations 1184
R2 0.771
Within R2 0.014

The estimation uses the same stacked difference-in-differences two-way fixed-effects regression as Figure 7, with
the fatality-surprise interaction added. The dependent variable is the risk-score gradient underlying Figure 7,
aggregated to the state—year—adoption-stack level. “Fatality surprise” is the standardized fatality surprise over the
prior two years, standardized against each state’s 2010-2012 baseline. “Treated-post” is the average treatment effect
variable as in Figure 7. The specification retains the adoption state fixed effects and event-time fixed effects.
Standard errors are clustered by state. *p < 0.10, **p < 0.05.
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Figure 1. Stacked DiD Estimates of Algorithm Adoption’s Effect on Substantiation Rates
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Years since adoption

Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. The gray horizontal dashed line denotes the average post-adoption effect across event years
k=0 to k=5.

Figure 2. Stacked DiD Estimates of Algorithm Adoption’s Effect on Total Investigations
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Years since adoption

Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period.
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Figure 3. Stacked DiD Estimates of Algorithm Adoption’s Effect on Investigation Times
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. The gray horizontal dashed line denotes the average post-adoption effect across event years
k=0 to k=5.

Figure 4. Stacked DiD Estimates of Algorithm Adoption’s Effect on Substantiation Rates for

High-Yield (Professional) Referrals
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Years since adoption

Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period.
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Figure 5. Stacked DiD Estimates of Algorithm Adoption’s Effect on Substantiation Rates for

Low-Yield (Informal) Referrals
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Years since adoption

Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period.

Figure 6. Stacked DiD Estimates of Algorithm Adoption’s Effect on Re-Referral Rates
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. The gray horizontal dashed line denotes the average post-adoption effect across event years
k=0 to k=5.
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Figure 7. Stacked DiD Estimates of Algorithm Adoption’s Effect on Risk-Score Gradient in

Investigation Decisions
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. The gray horizontal dashed line denotes the average post-adoption effect across event years
k=0 to k=5.
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Figure 8. Stacked DiD Estimates of Algorithm Adoption’s Effect on Investigation Counts by

Race
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. Circles denote estimates for white children, and triangles denote estimates for non-white
children.
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Figure 9. Stacked DiD Estimates of Algorithm Adoption’s Effect on Substantiation Rates by

Race
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. The gray horizontal dashed lines denote the group-specific average post-adoption effects
across event years k = 0 to k = 5; the long-dashed line corresponds to white children, and the short-dashed line
corresponds to non-white children. Circles denote estimates for white children, and triangles denote estimates for
non-white children.
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Figure 10. Stacked DiD Estimates of Racial Differences in Algorithmic Risk-Score Variation
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Note: Points report event-time estimates from the stacked difference-in-differences specification, and vertical bars
show 95% confidence intervals. Event time is measured relative to the adoption year. The vertical dashed line marks
the omitted reference period (k= -1). The solid horizontal line at zero indicates no estimated difference relative to
that reference period. Circles denote estimates for white children, and triangles denote estimates for non-white
children.
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Figure 11. ROC Curves by Race — Validation Sample (2010-2023)

ROC Curves by Race — Validation (2010-2023)
AUC(White)=0.927, AUC(Non-White)=0.909
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Note: ROC curves plot the true positive rate against the false positive rate for the NCANDS-based pseudo-model,
separately for white and non-white children. AUC values summarize predictive discrimination, with higher values
indicating better ranking performance. The gray dashed diagonal represents random classification.
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Appendix 1. Robustness Checks on Selection and Resource Allocation

To test two key alternative explanations for our main findings, this section examines
whether algorithm adoption coincided with changes in front-end case selection or agency
resources. As the NCANDS Child File lacks direct measures of screened-out referrals or staffing,
I construct a state-year panel from the NCANDS Agency File and replicate the main stacked

difference-in-differences design at the state level’.

First, to address the concern of selection bias in case selection. Figure A1 reports the event-
time coefficients for the number of screened-out referrals. Pre-adoption estimates are jointly
indistinguishable from zero, and post-adoption effects are also not significant. A marginal
significant estimate at t=1 does not persist in adjacent periods and is not indicative of a
systematic shift in intake selection. Second, to test for confounding resource shifts on the staff
capacity after algorithm adoption. Figure A2 presents the corresponding event-study for
screening, intake, and investigation staffing. Coefficients are centered near zero throughout the
post-adoption window, indicating no detectable change in staffing capacity at the time of

adoption.

These null effects provide evidence against alternative explanations rooted in either front-
end selection bias or resource reallocation. Consequently, the main findings are more plausibly
interpreted as reflecting changes in operational and analytical capacity rather than compositional

shifts in cases or staffing.

7 Because adoption in Pennsylvania occurred only in a single county, it is excluded from these state-level analyses.
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Figure 1A. Stacked DiD Estimates of Algorithm Adoption’s Effect on Screened-out Referrals
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Figure 1B. Stacked DiD Estimates of Algorithm Adoption’s Effect on

Screening/Intake/Investigation Staffing
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Appendix 2. Triple-DiD Estimates of Algorithm Adoption’s Effect on Substantiation Rates by

Race

Triple DiD
event time = -4 X treat -0.021
(0.008)
event_time = -3 X treat -0.022
(0.008)
event_time = -2 X treat -0.016
(0.006)
event time = 0 X treat -0.003
(0.006)
event time = 1 X treat -0.003
(0.006)
event_time =2 X treat 0.005
(0.009)
event time = 3 X treat 0.017
(0.008)
event_time =4 x treat -0.005
(0.007)
event time = 5 X treat -0.005
(0.009)
raceNonwhite 0.008
(0.001)
raceWhite x event_time = -4 x treat -0.007
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Triple DiD

raceWhite x event_time = -3 X treat

raceWhite x event time = -2 X treat

raceWhite x event_time =0 x treat

raceWhite x event time = 1 X treat

raceWhite x event_time = 2 X treat

raceWhite x event time = 3 X treat

raceWhite x event_time =4 X treat

raceWhite x event time = 5 X treat

Num.Obs.

R2 Within

R2 Within Adj.

Std.Errors

FE: county

FE: event time

(0.004)
0.001
(0.005)
0.001
(0.006)
-0.006
(0.004)
-0.011
(0.006)
-0.008
(0.007)
-0.016
(0.006)
-0.001
(0.005)
-0.002
(0.005)
47804
0.015
0.014
by: county
Yes

Yes
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Appendix 3. Lasso Regression Training Procedure and Validation Metrics for Replicated

Screening Model

I estimated the screening model using the raw NCANDS Child File alone, covering reports
filed from 2000 through 2009. After ordering each child’s referrals by report date and retaining
only the first record per child, the analytic file contained 18677739 unique investigations. I then
split the data chronologically: reports from 2000-2007 (14609245 observations) formed the
training set, while those from 2008-2009 (4068494 observations) constituted a strict hold-out

validation set, yielding zero overlap in child identifiers across periods.

With the exception of child demographic characteristics such as gender and race, I included
virtually every variable available in NCANDS. The predictors therefore span child risk factors
(e.g., intellectual disability, emotional disturbance), caregiver risk factors (e.g., alcohol or drug
abuse), and detailed perpetrator information. All categorical predictors were converted to factors
with an explicit “missing” level; numeric variables received companion “ missing” flags and
were median-imputed before one-hot encoding, after which the resulting sparse matrix was

passed to a penalized logistic-regression estimator.

To select an optimal penalized parameter, I carried out an explicit grid search. A 3 percent
stratified subsample of the training data served as a tuning pool. Within this subset, I fit five-fold
cross-validated elastic-net models across five mixing parameters (a = 0, 0.25,0.50,0.75,1) and
forty logarithmically spaced values of A. The highest mean out-of-fold AUC (0.937) was
achieved by a pure lasso (a = 1) with 1 = 8.68 x 107°. Fixing those hyper-parameters, I re-
estimated the model on the full training set and applied it to the hold-out cohort, where it attained
an AUC of 0.931. This systematic search across multiple (a, 1) combinations ensures that the

reported performance reflects the best-performing specification rather than an arbitrary choice.
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Figure A displays the resulting ROC curve. Its steep ascent from the origin underscores the
model’s strong discriminative power in distinguishing substantiated from unsubstantiated

investigations.

Figure 3A. ROC curve for the 2008—2009 hold-out sample (AUC = 0.931)
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