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Summary 

This study seeks to better understand if and how responding officers' written reports in a 

rape case impact case progression in the criminal justice process. Specifically, we aim to 

identify signaling in the narratives of police officers’ rape reports that affect subsequent 

attrition. We specifically focus on the first step in the investigative process to elucidate 

facilitators and barriers to rape cases reaching a successful disposition.  

Using a methodologically advanced approach to the issue of understanding the criminal 

justice response to rape, we employ machine learning methods—specifically natural language 

processing—and advanced statistical analyses to evaluate the narratives of over 5,600 police 

reports of rapes, where victims had SAKs collected in one large, urban jurisdiction over nearly 

two decades (primarily from 1993 to 2011). These reports contain large amounts of data that 

are analyzed using two computational methods. First, we conduct sentiment analysis, which 

involves identifying the direction and predictiveness (on case outcomes) of opinion and 

subjectivity in the text. Second, we conduct text classification, a statistical approach to 

identifying predictive (of case outcomes) phrases in the text.  

This study addresses three Aims. Aim 1 assesses the presence and type of sentiment 

(positive versus negative, subjective versus objective) specific to rape in the responding 

officers’ incident reports and, if sentiment is detected, how sentiment varies by the 

characteristics of the case, victim and suspect. Aim 2 assesses whether sentiments in the 

responding officers’ reports are different in cases with increased investigative activity, and how 

the phrases contained in the incident reports vary depending on the level of investigative 

activity. Finally, Aim 3 is similar to Aim 2, except we focus on the most successful cases—

whether sentiments in the responding officers’ reports are different in cases that proceeded to 
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prosecution (the most successful cases in our study)—and how the phrases contained in the 

incident reports vary depending on whether the cases proceeded to prosecution.  

Regarding Aim 1, we detected sentiment in the reports, which tended to skew near 

neutral/slightly negative and more subjective. The detected sentiment was also predictive 

across several victim and suspect characteristics and case outcomes.  

Regarding Aim 2, incident reports connected to Investigation Stalled were more 

negative (as predicted) and less subjective words (not as predicted). Incident reports connected 

to cases with more investigative activity, Investigation Forwarded for Prosecutorial Review, 

were more negative (as predicted) and non-significant subjectivity (not as predicted). We also 

found that the phrases were different in reports where the cases stalled earlier in the process. 

The most predictive phrases for the Investigations Not Stalled and Investigations Not 

Forwarded for Prosecutorial Review cases mentioned the actions of the victims and the 

assigned detective, followed by phrases related to investigative leads, or lack thereof.  

Regarding Aim 3, the most successful cases were more positive (as predicted) and more 

subjective (not as predicted). We also found that the phrases were different in reports where the 

cases were the most successful. The most predictive phrases in the cases that Did Not Proceed to 

Prosecution heavily emphasized actions that stall or stop a case from moving forward, such as 

prosecutorial decline, lack of investigative leads and negatively worded victim 

references/preferences.  

In addition to the findings discussed in connection to the above Aims, we provide 

several additional products from this study including: (a) a protocol detailing the information 

extraction process for police reports (Appendix A); (b) an open-source, adaptable sentiment 

lexicon (Appendix B); (c) a pre-trained classifier based on statistical algorithms that flag 
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instances of signaling in police reports (Appendix B); (d) a list of signals that predict less 

successful investigations and prosecutions (Appendix B); and (e) a training protocol(s) for 

officers and detectives for how they respond to and report on rapes (Appendix C)—all of which 

can be adopted, adapted and implemented by other jurisdictions. We also provide a summary of 

the artifacts from this study in Appendix D.  

These findings inform best practices related to investigating and prosecuting rapes. Law 

enforcement can use the findings to develop technological advancements/software and training 

protocol(s) for officers to improve their report writing and (by extension) their interactions with 

victims of sexual violence, and guide supervisors in identifying possible “red flags” in police 

reports that could affect victim engagement and investigations. An improved response to rape 

also increases victim engagement in the process, improving the likelihood of successful 

investigations and prosecutions that result in greater accountability for offenders, and improved 

community safety. 
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Introduction 
 

Despite police officers spending a significant amount of their time writing reports 

(Kanable, 2005) with little training, supervision (Carr et al., 1980; Gregory et al., 2011), glamour 

(Archambault et al., 2020) or enthusiasm (Kanable, 2005), police reports serve as the official 

record of a crime by documenting what an officer experienced and observed. Furthermore, police 

reports function as a vital evidentiary component of the criminal justice system for numerous 

entities, including investigators, prosecutors, defense attorneys, judges and jurors (Yu & Monas, 

2020). The recommendations for report writing are often general, such as needing “accuracy, 

brevity, completeness; objectivity; a step-by-step account of the events that occurred; [and] details 

about the people and places involved” (Reynolds, 2012, p. 17). Less is known about if and how 

these recommendations are achieved (Yu & Monas, 2020) and the consequences of poorly- or 

well-crafted reports. Readers’ perceptions and interpretations of text are strongly shaped by 

wording and syntax choice (Ask, 2018), which implies that how police report narratives are 

crafted is likely predictive of the cases’ outcomes. Thus, might the way that information is 

expressed in police reports influence all that comes after it in the criminal justice process? 

Among other outcomes, a successful police report also aids the court in prosecuting a 

case by capturing the statutory elements of the crime. Research using machine learning 

technology to analyze police reports suggests that for some types of crime, these statutory 

elements are often nuanced and not accurately described in the narrative (Kuang et al., 2017).  

Thus, the narrative should be tailored to the type of crime. Specifically for the crime of rape—a 

particularly difficult crime to investigate and prosecute (Long et al., 2022) with an extremely 

low conviction rate (Morabito, Williams, et al., 2019)—thorough incident and investigative 

reports are needed to support the statutory elements of the crime (e.g., force/non-consent, 
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penetration) for obtaining a successful prosecution (Archambault et al., 2020). Yet, rape reports 

are often poorly written (Archambault et al., 2020), and rape is unlike many other types of 

crimes due to the high and persistent levels of victim-blaming, victim disbelief and rape myth 

acceptance (Archambault et al., 2020) among the general population (Langhinrichsen-Rohling, 

Jules, et al., 2022), and within law enforcement (O’Neal & Hayes, 2019; Shaw et al., 2017). 

Moreover, experimental research indicates that the language used in narratives of fictitious rape 

reports influences how victims and their actions/inactions are interpreted by those not in law 

enforcement (Ask, 2018; Byrman, 2013; Niemi & Young, 2016). Little is known about how the 

language contained in the narratives of actual rape reports is interpreted by those in law 

enforcement, especially as it relates to victims and their actions/inactions. Thus, how should or 

could police reports specifically for rape be written to improve criminal justice outcomes?   

After a rape, a responding officer—also known as a reporting officer—is the officer who 

first responds to the call, often a patrol officer who is frequently the victim's first contact with 

the criminal justice system. Thus, the officer’s report is the first step in the reporting process. 

Besides attending to the victim's immediate needs, the responding officer is responsible for 

carrying out an initial investigation and gathering the most pertinent facts and evidence for an 

investigator follow up. Therefore, an investigator’s first contact with a case often is not with the 

victim, but with the content of the initial report. Research indicates that police expend more 

effort on investigating cases where they believe the victim, or believe their case is worthy of 

investigation (R. Campbell & Fehler-Cabral, 2018; Kerstetter & Van Winkle, 1990). Thus, 

might the way that information is expressed specifically in an incident report of rape influence 

all that comes after it in the criminal justice process?  
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Using a particularly robust and methodologically novel approach to systematically and 

empirically examine a large number of reports—machine learning technology—this study fills a 

knowledge gap in the literature by exploring the nature of the information articulated in 

responding officers’ incident reports of rape and how (whether intentionally or not) the expression 

of that information influences decision making, case flow and attrition. More specifically, do 

responding officers express negative opinions and subjective statements in documents that are 

supposed to be factual? If so, what do those opinions and subjective statements look like? Do 

those negative opinions and subjective statements signal information about the (lack of) 

credibility of the victim or the worthiness of a case to investigators and prosecutors? If so, do they 

impact how much activity is expended in the investigation and whether the case leads to a 

successful prosecution?  

Review of Relevant Literature  
 
Case Flow and Attrition in the Criminal Justice Process  

The below summary of the criminal justice process is particularly relevant for this study’s 

investigative and prosecutorial outcomes. The process for investigating and prosecuting rape is 

typically denoted by three key sequential phases: Investigation, Prosecution and Disposition. 

Police investigate rapes and then forward some of these cases to prosecutors for review. 

Prosecutors review for possible prosecution and then decide whether to file charges or not. If 

charges are filed, the case proceeds to grand jury, pre-trial and ultimately (if not dismissed), a 

final disposition. Thus, there is a “handing off” of a case as it proceeds through the criminal 

justice system. Figure 1 illustrates the typical decision-making process regarding case flow and 

attrition in a reported rape. 
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Figure 1: Process of Case Flow and Attrition for Reported Rape Cases 

 

The Investigation Phase begins when an incident report is taken by a responding officer, 

who is responsible for gathering the most pertinent facts and evidence. This report is then 

forwarded for investigative follow-up. The investigator opens an investigation by obtaining and 

reviewing the necessary documentation (e.g., the incident report by the responding officer) and 

then makes decisions about what investigative activities should be completed. This typically 

includes contacting and interviewing (when applicable) the victim, witnesses and suspect; 

collecting and submitting applicable evidence (e.g., a sexual assault kit); and writing an 

investigative report that details the completed activities (Archambault et al., 2020; Lovell et al., 

2018).   

The Prosecution Phase begins when completed investigations are forwarded to 

prosecutors for a charging decision. Completed investigations that do not proceed are typically 
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closed out (“cleared”) and classified as Unfounded or Exceptional Clearance. According to the 

FBI's definition, cases should only be closed by exceptional clearance if an offender has been 

identified (Federal Bureau of Investigation, 2018). However, in practice, exceptional clearance 

often includes cases that are closed due to lack of victim “cooperation” or engagement (at times, 

without identifying an offender), a prosecutor declining to charge or other reasons outside of law 

enforcement’s control (Lovell, Overman, et al., 2020). Unfounded cases are those where an 

investigation was completed, and it was determined that a crime did not occur, according to the 

FBI’s definition (Federal Bureau of Investigation, 2019). Investigations in progress but not 

closed are Held in Abeyance, meaning they are open pending further investigative leads. While 

the processes described here imply a firm hand-off of cases from police to prosecutor, the hand-

off is often pliable in practice. Prosecutors frequently conduct pre-arrest screenings or confer 

with investigators informally prior to making an arrest or issuing a warrant, especially in 

potentially “problematic” or difficult cases. If prosecutors express reservations about the case, 

police do not proceed (Spohn & Tellis, 2011). 

Once formally forwarded for a charging decision, prosecutors can decide to accept or 

decline to charge. Charged cases are then presented to the grand jury. The grand jury can either 

No Bill (not indict) or True Bill (indict), meaning in the latter that they determined there was 

probable cause to believe the defendant committed the crime. Once indicted, the case proceeds to 

pre-trial and if not dismissed, to the Disposition Phase, which results in a guilty verdict or plea, a 

not guilty verdict or a dismissal (Ohio Prosecuting Attorneys Association, 2012).  

Factors Influencing Case Flow and Attrition for Rape in the Criminal Justice Process  

Regarding the outcomes of this study, below we summarize the research on case flow and 

attrition for rape. An estimated one in five women in the U.S. will be the victim of rape in their 

This resource was prepared by the author(s) using Federal funds provided by the U.S. 
Department of Justice. Opinions or points of view expressed are those of the author(s) and do not 

necessarily reflect the official position or policies of the U.S. Department of Justice.



NIJ Award 2018-VA-CX-0002 Final Report  Page 14 of 146 

lifetime (Smith et al., 2015). Even when reported to law enforcement, arrests and convictions are 

rare. Out of every 100 rapes, approximately a third are reported to law enforcement (Morgan & 

Thompson, 2020), 19 lead to arrest and five lead to a conviction (plea or guilty verdict) 

(Morabito, Williams, et al., 2019). As indicated in these statistics and as reported in other 

studies, the majority languish in the Investigative Phase, never reaching Prosecution (Lovell, 

Overman, et al., 2020; Morabito, Williams, et al., 2019). 

As discussed in Lovell, Overman, et al. (2020) and summarized extensively in McGill et 

al. (2022), the research on the factors that predict rape attrition in the criminal justice process is 

expansive, but in general, these factors are frequently categorized as either “legal” factors 

(evidentiary facts and/or strength of the evidence) or “extra-legal” factors (“beyond” legal 

factors). Legal factors include whether the rape charge is one of several charges (Addington & 

Rennison, 2008); criminal severity, such as the presence of a weapon (Bouffard, 2000; Spohn & 

Tellis, 2018; Walfield, 2016), gratuitous injuries to the victim (Johnson et al., 2012; Morabito, 

Pattavina, et al., 2019; Spohn & Tellis, 2018; Walfield, 2016); delayed reporting (Morabito, 

Williams, et al., 2019; Spohn & Tellis, 2014); the presence of eyewitnesses (Morabito, Pattavina, 

et al., 2019; Spohn & Tellis, 2018); and whether or not a kit was collected (Johnson et al., 2012; 

Kelley & Campbell, 2013; Morabito, Pattavina, et al., 2019; Tasca et al., 2013).  

Extra-legal factors often include actual or perceived victim cooperation (Craig, 2016; 

Kaiser et al., 2017; Kelley & Campbell, 2013; Murphy et al., 2014; Walfield, 2016); the victim-

offender relationship (Beichner & Spohn, 2012; Du Mont & Myhr, 2000; Spohn & Holleran, 

2001); race and age of the victim (Bouffard, 2000; O’Neal et al., 2015; Pattavina et al., 2016; 

Spohn & Holleran, 2001; Spohn & Tellis, 2012; Tellis & Spohn, 2008; Walfield, 2016); the 

location of the rape (Addington & Rennison, 2008; Bouffard, 2000); and victim credibility  
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(Alderden & Ullman, 2012; Beichner & Spohn, 2005; Hohl & Stanko, 2015; Jordan, 2004; 

Lievore, 2004; Morabito, Pattavina, et al., 2019; O’Neal et al., 2015; Quinlan, 2016; Spohn & 

Tellis, 2018). However, in practice, legal and extra-legal factors can, and often do, intersect. For 

example, should whether a victim defends themselves against their attacker(s) speak to the facts 

of the case, to the credibility of the victim or both?  

Studies that examine extra-legal influences on cases come to conflicting conclusions, but 

mostly point to the fact that victim credibility, often influenced by rape myth acceptance, plays a 

significant role in case attrition (Shaw et al., 2017). Researchers are beginning to evaluate the 

effectiveness of interventions to address this, including how training influences their beliefs in 

rape myths (B. Campbell, 2022) and how changes in interviewing techniques impact victim 

engagement (Westera et al., 2011). To the best of our knowledge, no one has examined on a 

large scale the role of the responding officer in predicting case flow and attrition. Responding 

officers play a critical first step in effectively addressing rape and engaging victims. The lack of 

knowledge about how information from this initial encounter is conveyed to investigators and 

prosecutors limits possibilities for intervention. 

Also discussed in Lovell, Overman et al. (2020) and Lovell and Langhinrichsen-

Rohling (2022), the system heavily depends on victims’ cooperation, but navigating the 

criminal justice system is notoriously difficult for victims of rape. Victims frequently report 

negative interactions (e.g., victim-blaming, insensitive behaviors and attitudes) with 

individuals within the criminal justice system—termed secondary victimization—which can 

lead to retraumatization and negative health impacts (R. Campbell, 1998). For example, R. 

Campbell and Fehler-Cabral (2018) found that in an attempt to manage an unmanageable 

workload, police in Detroit pushed victims to disengage with the process “by being jaded, by 
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being rude, by questioning them aggressively, by threatening them—and in the end, they 

blamed victims for the fact that no action had been taken in their case due to their ‘lack of 

cooperation’” (pp. 96-97). However, victim cooperation is one of the strongest predictive 

factors in successfully prosecuting rape cases (Lovell, Overman et al., 2020; Morabito, 

Williams et al). Outcomes for victims are improved when they are perceived as credible, 

which is often a deciding factor in prosecuting rape cases (Beichner & Spohn, 2005; Bouffard, 

2000; Kingsnorth & Macintosh, 2004). Victim advocates aid victims in communicating and 

cooperating with criminal justice officials, which prosecutors have noted positively affects 

their credibility (Gaines & Wells, 2017; Luminais et al., 2020). In addition to secondary 

victimization, victims may also experience institutional betrayal, which is the harm caused to 

victims of interpersonal violence by institutions through the institution’s actions or inactions, 

often occurring in institutions that elicit strong feelings of trust and/or dependency among its 

citizenry, like law enforcement (C. P. Smith & Freyd, 2014).  

In a study based on a subsample of the data presented here, Lovell, Overman et al. (2020) 

found that the two strongest predictors of a case proceeding to prosecution were whether a 

suspect was fully named (a legal factor) and whether the victim was engaged in the process (an 

extra-legal factor). The former is a common factor in all criminal justice adjudications in that 

cases cannot logistically proceed to prosecution without a named suspect (with a notable 

exception being when DNA profiles are indicted [Lovell, 2022]). The latter has already been 

discussed in the extra-legal factors section above.  

Then, there are factors beyond both legal and extra-legal, such as those pertaining to 

departmental culture and decision-making, such as the prevalence of rape myth acceptance in 

police departments (Shaw et al., 2017; Sleath & Bull, 2017) and downstream orientation, which 
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is when police officers tend to pursue cases they believe prosecutors will accept, which has been 

shown to impact a case’s likelihood of progression (Morabito et al., 2017; Pattavina et al., 2016). 

Decision-making by investigators (Addington & Rennison, 2008; Bouffard, 2000) and 

prosecutors (Beichner & Spohn, 2005, 2012) has also been found to impact case attrition, with 

some work focusing on the interaction between the two groups (Pattavina et al., 2016; Spohn & 

Tellis, 2014, 2018). 

Methodological Limitations and Advancements  
 

Since the perception of credibility by police, investigators and prosecutors is not easily 

assessed, in this section we summarize the variety of methods that have been employed to 

evaluate the factors that influence case flow and attrition in rape cases, including: mixed 

methods that perform quantitative analysis on large samples in conjunction with qualitative 

analysis of a more limited sample (Kelly et al., 2005; Spohn et al., 2014; Spohn & Tellis, 

2012); relatively large scale projects that rely on logistic regression (Spohn et al., 2014; Spohn 

& Tellis, 2014; Stafford, 2022; Walfield, 2016); projects with smaller samples using logistic 

regression (Gray-Eurom et al., 2002); qualitative studies based on official documentation 

(Beichner & Spohn, 2012; Kelley & Campbell, 2013; O’Neal et al., 2014; Shaw et al., 2017; 

Soulliere, 2005; Spohn & Tellis, 2018; Tasca et al., 2013); qualitative studies that include 

contemporaneous interviews (Jordan, 2004; Kelly et al., 2005; Quinlan, 2016); statistical 

analyses of relatively small samples based on qualitative coding of police files, including 

multidimensional scaling (Brown et al., 2007) and multivariate modeling (Beichner & Spohn, 

2012); and ethnographic methods, such as participant observation (Frohmann, 1997). These 

data collection methods and analyses are important to highlight because they reflect the double-

bind of qualitative/quantitative methodology—large samples provide more robust statistical 
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analyses but cannot capture the nuance required to identify investigators’ sentiments—yet, 

qualitative work is labor intensive and results in smaller samples. 

Machine learning techniques offer potential solutions to this quandary, but as this 

technology has developed so rapidly, it has not been applied in this realm of research thus far. 

In general, it is difficult for researchers to obtain access to very large numbers of police 

reports, which is needed to “train” the models in machine learning (Güss et al., 2020). Kuang 

et al. (2017) applied machine learning to short police narratives to produce “ecologically more 

meaningful latent crime classes” that could be the starting point for “optimal crime prevention” 

(p. 1), demonstrating how machine learning can generate new leads for research and practice 

(holding similar promise for case flow and attrition). Karystianis et al. (2019) explore text 

mining techniques to identify abuse types and injuries in domestic violence narratives. Finally, 

Güss et al. (2020) summarize the challenges and lessons learned in using machine learning 

technology to analyze police reports as data, such as the difficulty in gaining access to reports 

or case files as researchers, lack of uniformity in reports, inconsistencies in report content, 

individual writing variations and biases, lack of suspect information and unqualified statements 

(e.g., if witness was not cooperative, why?). This is the first National Institute of Justice 

funded study exploring the social science implications of machine learning concerning case 

flow and attrition. 

Signaling  

Regarding the predictors in this study, this section defines signaling and summarizes the 

research on how language might influence decision-making and case flow and attrition. A 

signal is any information conveyed by the sender and received and interpreted correctly by the 

receiver, usually through language (Benz, 2011; Shannon & Weaver, 1949). Language is 
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framed by who we are and what we have experienced. Since the first point of contact in the 

criminal justice system for a victim is the responding officer (R. Campbell, 1998), they 

potentially have a strong influence on how the case proceeds via what we term signaling. 

Police reports provide insight into the “mental models” of police officers (for example, their 

heuristic decision-making process), as well as how they understand their task environment (the 

external environment of an organization that affects its ability to meet its goals) and how they 

communicate with peers. If framing bias is detected via language analysis in the mental model 

of officers (e.g., adherence to rape myths), it may help explain why cases fail to proceed. In 

short, this framing may unintentionally influence investigators or prosecutors to reduce the 

effort expended on a case.  

Moreover, the language used by police officers in their rape incident reports creates a 

“word picture,” communicating a specific image, which may or may not reflect reality (Renner, 

2002). For example, a “word picture” describing two people voluntarily taking off their clothing 

depicts a consensual act (“She said they each took their clothes off by themselves”). While this 

might be technically accurate, it does not convey the involuntary nature of rape (“He threw her 

on the bed, took his shirt off and ordered her to take her clothes off”) (Archambault et al., 

2020). The habit of describing rape in terms of consensual sexual contact is not limited to law 

enforcement. Media reports of rape often describe rape in terms of “the victim had sex with” 

(Attenborough, 2014), or employ rape myths to describe the victim and the offender (O’Hara, 

2012). 

Research suggests that rape myths and gender bias can be detected in the 

organizational language of police (Shaw et al., 2017). Overt signaling—using disparaging 

language or stating outright doubt in the victim’s credibility—is obvious in reports, although 
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sometimes inaccessible, as it is buried in figurative mountains of unstructured text. For 

example, in Detroit, researchers found extremely offensive language in police reports from 

rape cases that included an unsubmitted SAK (Shaw et al., 2017). In a shocking example of 

this, an officer wrote this about a 14-year-old victim who had been abducted raped, “This 

heffer [sic] is trippin” (Kaffer, 2015, para. 3). Thus, if signaling is present and detected in any 

police reports, it would most likely be in rape reports, especially in victims with specific 

vulnerabilities, such as prostitution (Shaw et al., 2017) and juvenile victims (O’Neal & Hayes, 

2020). In contrast, with machine learning techniques in this study, we search for subtler 

language clues in the form of negative opinions and subjective statements about victims that 

can derail justice proceedings, in some cases, absent any intentionality. 

Research on the first interaction between rape victims and police have zeroed in on the 

neurobiology of trauma and how it impacts victims’ ability to recall events and why victims’ 

emotional responses seldom mirror what police officers expect if they are not aware of this 

important research (R. Campbell, 2006; R. Campbell et al., 2008). This sets the stage for 

doubts about a victim’s credibility to enter into the language contained in the report.  

The content of the initial police report and the semantic signals being relayed to the 

investigating officer are interpreted by the investigator, influencing how they prioritize the case 

considering their numerous other cases. It can potentially direct the decisions they make in the 

investigation regarding the amount of investigative activity that is expended. Given officers’ 

downstream orientation, the amount of investigative activity impacts prosecutorial outcomes. 

Furthermore, prosecutors know that police reports will be available to the defense and may take 

the tone of the report into account, as victim credibility also plays a role in their decision-

making process (Archambault et al., 2020; Beichner & Spohn, 2012; Shaw et al., 2016). 
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Signaling, in terms of game theory and socio-linguistics, is not a novel topic, but the 

introduction of computer simulations and machine learning have reinvigorated the field recently 

(Argiento et al., 2009; Benz, 2011; Mühlenbernd & Quinley, 2013; Zhou et al., 2004; Zollman, 

2005). Others have shown that sentiment in reports, as determined by word choice and syntax, 

can at least reflect the acceptance of rape myths, and Shaw et al. (2017) state, “Findings suggest 

that future research should examine the extent to which such statements predict rape case 

progression” (p. 602). To our knowledge, no previous research has attempted to define, 

document and quantify signaling and its impact on investigative and prosecutorial outcomes. By 

researching this understudied topic with machine learning, we add to the traditional literature on 

case flow and attrition while expanding the methodological tools available to researchers. 

Machine learning allows us to leverage the nuance of qualitative research on a scale previously 

seen only in quantitative assessments of case flow and attrition.  

Police Report Writing  

 Below we review the literature on best practices related to police report writing and 

more specifically, rape report writing. Prior research suggests how a police report is written 

might influence how officers think about (Ask, 2018) and engage (B. Campbell, 2022) with 

victims of rape. Therefore, officers are advised to balance the need to be concise with the need 

to be thorough in police reports. There is limited research on preferable report lengths, but 

prior research documents that longer police reports are associated with “truthful reports” 

(victims providing truthful statements to police) (Quijano-Sánchez et al., 2018), and might be 

an indicator of how much effort was expended by the officer (Yu & Monas, 2020). Thus, 

reports that err on the longer side (likely implying more detail) vs. shorter are potentially 

connected to cases deemed as being “worthy” of more investigative activity (which are also the 
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cases with fewer victim criminal justice credibility issues), and/or an indication of officers 

having more time to craft longer, more detailed narratives (R. Campbell & Fehler-Cabral, 

2018; Kerstetter & Van Winkle, 1990).  

Within the context of minimizing victim blaming by adopting a victim-centered and 

trauma-informed approach (Langhinrichsen-Rohling, Lathan, et al., 2022), rape reports are 

recommended to: document all evidence collected during the initial reporting of the incident 

and the investigation, provide a video and/or audiotaped account of the crime from the victim’s 

perspective, include video and/or audiotaped witness statements (in particular for those that 

corroborate victim's statements) and include the suspect's video and/or audiotaped statements, 

(in particular for those that corroborate victim's statements) (Archambault et al., 2020). In 

addition, the reports should also be written to capture the statutory elements of the crime and 

respond to common strategies used by the defense in rape cases (Archambault et al., 2020; 

Long et al., 2022). Thus, more recent guidelines suggest that counter to what is often taught to 

officers, to help offset victim blaming in rape cases, officers should consider documenting the 

victim’s perspective and providing a fair account of corroborating evidence to support the 

victim’s statement (Archambault et al., 2020; Strom et al., 2022). 

Human-Detected (Potentially) Signaling Language 

 Regarding how the Aims were developed, this study has been strongly informed by a 

seven-year (and counting) collaboration with the Cuyahoga County SAK Task Force, led by 

the Cuyahoga County Prosecutor’s Office, as their research partner. A sexual assault kit 

(SAK), also known as a rape kit, is a set of items used by medical professionals for collecting 

and preserving evidence from a victim of rape for investigation and prosecution. The U.S. 

Department of Justice’s (DOJ) SAK Initiative was launched in 2015 to provide jurisdictions 

This resource was prepared by the author(s) using Federal funds provided by the U.S. 
Department of Justice. Opinions or points of view expressed are those of the author(s) and do not 

necessarily reflect the official position or policies of the U.S. Department of Justice.



NIJ Award 2018-VA-CX-0002 Final Report  Page 23 of 146 

with funding to test and follow up on testing hundreds of thousands of previously untested 

SAKs. The Cuyahoga County SAK Task Force, which began in 2013, has received millions 

of dollars in funding from the DOJ’s SAK initiative to address the County’s untested SAKs 

for over 5,000 SAKs that had never been submitted for DNA testing (“unsubmitted”) and 

almost 2,000 SAKs that had some prior forensic testing, but did not use current methods for 

DNA testing (“previously submitted”) for a total of nearly 7,000 rapes that included SAKs. 

One of the main activities related to the research from the Cuyahoga County SAK Task 

Force is the extensive coding of the case files. Our coded database consists of over 600 discrete 

variables about the assault, the offender, the victim, the SAK, the investigation (at the time and 

current) and any prosecutorial activity (at the time and current) for nearly 2,000 of these rapes. 

This database is unique in its depth and breadth, and produces findings that counter what we 

know about rape and the people who commit it (Lovell et al., 2017, 2018, 2019; Lovell, Huang, 

et al., 2020; Lovell & Langhinrichsen-Rohling, 2022). However, this activity is extremely labor 

intensive. The coding of these nearly 2,000 case files has taken many years to code, clean, 

manage and analyze, not to mention the amount of time spent supervising and advising. 

Machine learning technologies allow us to build on this expertise while leveraging the benefits 

of automation, including speed, scale and reproducibility. 

This study’s research questions are the direct result of observations made by the research 

team when reading these police reports. We noticed that responding officers sometimes appeared 

to be making comments doubting the victim’s credibility in ways similar to those documented in 

Detroit’s unsubmitted SAKs (Shaw et al., 2017), and consistent with current understandings of 

rape myths. The following are examples of possible signaling from the cases we have coded. The 

first case file, the lead researcher read a detailed report about the abduction, rape and extended 
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captivity (~24 hours) of a 13-year-old by two males, aged 15 and 19, while she was walking 

home from middle school in 1994. After describing this disturbing incident, the report stated, 

“Victim is a habitual runaway and she has run away from home three times prior….” In a 2000 

rape, after a brief description of the circumstances leading up to the crime, the officer described 

the victim by stating in parentheses—"(Female is a known prostitute and crack cocaine 

abuser).” In a 1995 rape, the responding officer overtly discredited the victim by stating, 

“…during interview victim was unable to keep eye contact, laughed during questioning, victim 

was obviously being deceptive.” In a 1995 rape of a juvenile, a responding officer included 

details that appear not to be pertinent (e.g., past sexual history) and described the rape in 

consensual terms (e.g., “full intercourse”), “Juvenile has had sex in the past. Rape kit to be 

completed. Reporting person advised to obtain further information on [Suspect]. Full 

intercourse per juvenile.” In a 2005 police report, a responding officer’s statement seemed to be, 

perhaps, inadvertently discrediting the victim’s account of events or misinterpreting how trauma 

can impact behavior, “We observed no bruises, contusions on the female nor were her clothes 

disheveled. At times during the interview she smirked as if it was funny, but she did show signs 

that she was in pain or discomfort.” As illustrated above, many of these statements are made 

without sufficient context as to why the seemingly problematic language is included. The 

research design employed here expands on predictive signaling language contained in these 

observations, but in a more theoretically and methodologically advanced way. 

Aims and Significance of the Study 

This study seeks to better understand if and how responding officers' written reports in a 

rape case impact case progression in the criminal justice process. Specifically, we aim to 

identify signaling in the narratives of police officers’ rape reports that affect subsequent 
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attrition. We specifically focus on the first step in the investigative process to elucidate 

facilitators and barriers to rape cases reaching a successful disposition.  

Using a methodologically advanced approach to the issue of understanding the criminal 

justice response to rape, we employ machine learning methods—specifically natural language 

processing—and advanced statistical analyses to evaluate the narratives of over 5,600 police 

reports of rapes, where victims had SAKs collected in one large, urban jurisdiction over nearly 

two decades (primarily from 1993 to 2011). These reports contain large amounts of data that 

are analyzed using two computational methods. First, we conduct sentiment analysis, which 

involves identifying the direction and predictiveness (on case outcomes) of opinion and 

subjectivity in the text. Second, we conduct text classification, a statistical approach to 

identifying predictive (of case outcomes) phrases in the text.  

This study addresses three Aims. Aim 1 assesses the presence and type of sentiment 

(positive versus negative, subjective versus objective) specific to rape in the responding 

officers’ incident reports and, if sentiment is detected, how sentiment varies by the 

characteristics of the case, victim and suspect. Aim 2 assesses whether sentiments in the 

responding officers’ reports are different in cases with increased investigative activity, and how 

the phrases contained in the incident reports vary depending on the level of investigative 

activity. Finally, Aim 3 is similar to Aim 2, except we focus on the most successful cases—

whether sentiments in the responding officers’ reports are different in cases that proceeded to 

prosecution (the most successful cases in our study)—and how the phrases contained in the 

incident reports vary depending on whether the cases proceeded to prosecution.  

In addition to the findings discussed in connection to the above Aims, we provide 

several additional products from this study including: (a) a protocol detailing the information 
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extraction process for police reports (Appendix A); (b) an open-source, adaptable sentiment 

lexicon (Appendix B); (c) a pre-trained classifier based on statistical algorithms that flag 

instances of signaling in police reports (Appendix B); (d) a list of signals that predict less 

successful investigations and prosecutions (Appendix B); and (e) a training protocol(s) for 

officers and detectives for how they respond to and report on rapes (Appendix C)—all of which 

can be adopted, adapted and implemented by other jurisdictions. We also provide a summary of 

the artifacts from this study in Appendix D.  

These findings inform best practices related to investigating and prosecuting rapes. Law 

enforcement can use the findings to develop technological advancements/software and training 

protocol(s) for officers to improve their report writing and (by extension) their interactions with 

victims of sexual violence, and guide supervisors in identifying possible “red flags” in police 

reports that could affect victim engagement and investigations. An improved response to rape 

also increases victim engagement in the process, improving the likelihood of successful 

investigations and prosecutions that result in greater accountability for offenders, and improved 

community safety. 

Data 
 
Description of the Data 
 

The analytical sample in this study consists of 5,638 police reports of rape from a 

population of 6,071 rape reports from the Cleveland Division of Police (CDP)—all of which 

have an associated sexual assault kit (SAKs), also known as a rape kit—that was recently 

forensically tested for DNA as a part of the Cuyahoga County SAK Initiative. As a research 

partner, and in collaboration with the Cuyahoga County SAK Initiative, we were given access to 

all rape reports with associated SAKs from CDP (n = 6,071).  
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These rape reports cover nearly a quarter century—from 1991 through 2015—although 

the vast majority (>99%) were between 1993 through 2011. While the initiative’s focus is on 

previously untested kits from 1993 through 2011, in some instances, if an offender was linked to 

a rape outside of this time frame, they incorporated this rape with the untested SAK’s 

investigation and prosecution. This explains why our sample includes some rape reports before 

1993, and after 2011. While some other jurisdictions “chipped away” at their older, untested kits 

over time, very few kits were regularly submitted by CDP for forensic testing before the late 

2000s (Luminais et al., 2017). This implies that our analytic sample is derived from untested 

SAKs representing almost all the SAKs collected in this jurisdiction during the time period. CDP 

rape reports not associated with a SAK were not available to the research team.  

In terms of the information contained in the reports, these rape reports typically include: 

(a) an incident report taken by the responding officer(s) who is tasked with gathering the most 

pertinent facts and evidence, and then forwarding the report to an investigator (detective) for 

follow-up, and (b) a summary of the investigative activity on the case as noted by the 

investigator, which (if reviewed by a prosecutor) includes some information about the 

prosecutorial review of the case. If applicable, the reports often denote the charging decision of 

the prosecutor. If charges are filed, the reports often include details about the grand jury. Given 

that these are police files, information as to the final adjudication of the case (guilty, not guilty, 

plea, dismissed) is typically not included. Cuyahoga County has both a city and county 

prosecutor’s office, where simplistically, felonies are prosecuted at the county level and 

misdemeanors at the city level; however, rapes are first reviewed by Cleveland prosecutors 

before being forwarded to County prosecutors, even though the city prosecutor’s office does not 
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prosecute rape. The mention of prosecutorial involvement in the reports could indicate Cleveland 

and/or the County.   

Extraction Process  
 

Our team extracted the CDP rape reports (in pdf format) from the Cuyahoga County 

Prosecutor's Office’s (CCPO) electronic management database. This electronic database is set up 

so that each police report is housed in a “folder” with an associated “matter ID,” which is a 

unique ID assigned by the CCPO that corresponds to a previously untested SAK. Each folder 

contains numerous documents needed for potentially prosecuting rape. Thus, the police reports 

were not kept in one large extractable file that could be downloaded. To extract the police 

reports, the research team opened each folder, found the police report and saved it to a project-

specific folder in an encrypted cloud platform for every single rape report. The team was 

provided a spreadsheet by the CCPO of all “matters” and access to these matters via their 

electronic management system. From this spreadsheet, we limited matters to only those labeled 

as CDP reports (over 90% of all the matters). Figure 2 illustrates the extraction process for the 

6,353 potential reports to be located in the case management system. 

Figure 2: The Extraction Process 

 

During the extraction process, we noted in our tracking database if the police report was 

present, missing or if the report was completely unreadable. We also noted the police report 

number (“Records Management System [RMS] number”) to further aid in identifying duplicate 

reports. Of the 6,353 reports potentially eligible for extraction, 6,071 (95.6%) were extracted, 

CCPO's Electronic Managment System 
• Locate matter ID 

• Open folder to matter ID
• Locate police report 
• Save report as pdf

Upload to Cloud Storage
• Upload pdf to project-specific folder in enrypted cloud 

storage
• Organize all reports into batches of approximately 

1,000 files for conversion to text
• Problematic files set aside to be converted separately
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and 282 (4.4%) were not. The reasons why reports were not extracted included: the matter folder 

did not contain a police or investigative report, the report was a duplicate, the matter was 

erroneously labeled as CDP rape but was not, the report was associated with a very small number 

of victims who reported a large number of rapes (determined to be unfounded and associated 

with the victim’s severe mental illness) and problems extracting, or other anomalies in the report. 

Table 1 details the extraction process that resulted in a list of 6,071 CDP rape reports from the 

SAK Initiative—all in PDF format.  

Table 1: Descriptive on Extracted Report Reports 

 n 
Extracted from electronic management database for analysis 6,071 
     Cleaned 5,638 
         Had investigative narrative in report 5,189 
         Had no investigative narrative in report  456 
     Not cleaned  433 
         Duplicate 70 
         No text file 110 

No incident report narrative 229 
Not CDP case 13 
Not a rape 8 
Unreadable 3 

Not extracted from electronic management database for analysis 282 
Total N  6,353 

 
Conversion Process 
 

To better understand the most efficient and effective method for converting the files, the 

research team conducted a pilot conversion project using a commonly used and commercially 

available optical character recognition software, OmniPage, on a sample of 43 extracted files. 

OmniPage is designed to take pdfs or images and convert them into malleable documents. The 

process for conversion in this pilot included uploading a police report, asking the software to 

read it and copying and pasting the text out of the police report into a Word document. 

Researchers then reviewed the document for typos and misspellings. Of the 43 files in this pilot, 
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17 were used by a research team member to document how long this entire process took, and 

then compared OmniPage to the Adobe edit text function, or dictating the narrative into Word. 

OmniPage was clearly the fastest and most accurate, averaging around 5 minutes per document. 

Narrating ranged from 5 to 35 minutes per report while Adobe averaged around 8 minutes per 

report (this timing did not include coding information from the police report). Additionally, 

researchers recorded the quality of the text-reading conversion. Even in the best-case scenario (a 

pdf file that was clearly legible and in the most updated report version), OmniPage had difficulty 

reading the whole report. Adobe struggled to read the text as well and would often insert 

symbols or other characters, which created more editing work. As a result of this pilot, the 

research team developed an algorithm to automate the conversion process, as discussed below. 

As described in Figure 2, once the 6,071 reports were extracted, they were saved in one 

of the seven batch’s project-specific folders in the encrypted cloud platform for conversion from 

pdf to text. Of these, 5,638 were eligible to proceed to the quality control process (92%). The 

conversion process was automated separately for each batch. We utilized pdfMiner (Shinyama, 

2015) and optical character recognition programs (Smith, 2007). Those python programs first 

extracted the text from the pdf. Once the reports were scanned and stored as images in the pdf, 

the optical character recognition was able to recognize the text and translate the image data to 

text data by recognizing the characteristics in the images. 

During the extraction and conversion process, we identified several types of problematic 

files: (a) parts of the narrative were missing from the text file, (b) the narrative did not convert 

into text correctly and (c) the pdf was handwritten or not in good condition and needed to be 

processed manually. Of the 5,638 reports, 320 had to be converted to text files differently, as 

detailed in Figure 3.   
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Figure 3: The Conversion Process 

 

Quality Control Process 
 

Preparing the data for the text analysis required a lengthy quality control process. For the 

standard police report in our dataset, the narrative included numerous typos, abbreviations or 

words that did not convert correctly. These variations present significant difficulties for machine 

learning when trying to learn, read and understand the text. Therefore, we conducted a time-

consuming quality control cleaning process for each now-converted file by having a member of 

the research team read each text file to correct inaccurate text conversions. This was 

accomplished via a three-step quality control procedure: (Step 1) During the automation process, 

researchers standardized date formats and edited common abbreviations in the reports into their 

full word or phrase (the common abbreviations list was developed by the research team, as 

detailed below). (Step 2) Upon automating a batch (~1,000 reports), research team members 

manually checked that in each report: (a) all the narratives from the police report were 

successfully transferred into text format, (b) typos, strange characters and errors in the text file 

(e.g., the text did not convert) were corrected, abbreviations had been converted to their full 

word or phrase and dates were in a standardized format. (Step 3) Once these tasks were 

completed, notify the team that the batch was cleaned and ready for analysis. 

The research team generated a list of common abbreviations and what they stand for, 

which were spelled out during the automated conversion process. In some instances, one 
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abbreviation could mean multiple things. Therefore, during this process, the two main options 

were inserted into the narrative. During the quality control process, the research team chose, 

based on context, which abbreviation was correct and deleted the other. For example, Lt. can 

mean Lieutenant or Light, so for every Lt. in the reports, “Lieutenant or Light” was inserted in its 

place.  

Tracking Method and Coding Details 
 

Due to the large number of files in the dataset, all at different phases in the process, we 

developed a tracker that noted where each file was in the process—extraction, conversion and 

quality control (Figure 4). At the end of all these phases, the team conducted an audit to ensure 

all potential files in our sample were accounted for and had completed all the phases. The sum of 

all these activities resulted in a total analytical sample of 5,638 rape reports, which equates to 

3,931,481 words and 9,157 pages of text. 

Figure 4: Data Preparation 

 
 
Coding Case Outcome  
 

Since this study's main dependent variables pertain to what happened with the case—how 

far along it made it in the process (investigative activity) and how the case ended (case 

outcomes)—our team manually coded case outcomes while conducting quality control (both the 

in vivo text used in the closing reasons and categorical response options for the closing reasons). 
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This was the chosen method for coding after pilot analyses of reports indicated that the language 

used in the reports often varied across reports (see Figures 5 and 6); therefore, case outcomes 

could not be reliably automated from text files.  

The closing language was found either in the incident report or in the investigative report. 

While also coding outcomes, the research team noted whether the police report mentioned a 

suspect or victim’s criminal history, hypothesizing that this could be an indicator of signaling 

and might be useful for computer training. Lastly, we noted in the dataset if the police report 

lacked an incident report. 

Figure 5: Example of In Vivo Closing Language 

 

Figure 6: Closed-Ended Response Categories for Closing Reasons 
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Discrete Fields 
 

Each police report has a section at the top of the report where responding officers enter 

data into discrete fields or use drop-down response options—often called a “front sheet.” These 

fields included information such as the date of the incident, the date of the report, the victim's 

name, the suspect's name, the address of the incident, weapon use, property recovered, arrest 

information, etc. Figure 7 is an example of a redacted CDP front sheet from the dataset. 

Figure 7: Example of a Redacted CDP Front Sheet 

 
 

In the grant application, we did not propose to collect data from the front sheets because 

it was unclear at that time whether this information could be extracted via an automated process. 

However, preliminary analyses of early batches indicated that the highly structured and 
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procedural way these reports were written presented problems in identifying potentially signaling 

words about a victim’s credibility. We hypothesized that perhaps we could “get past” much of 

the procedural words/phrases and potentially identify “signaling” language by examining the 

characteristics of victims and/or suspects. Moreover, we hypothesized that the information 

contained in these discrete fields, specifically about the demographics of victims and whether a 

suspect was named at the time, were vital to better differentiating sentiment and predictive 

phrases in the reports. For example, the qualitative literature suggests that female juvenile 

victims often have some of the highest levels of disbelief from police officers. Thus, by 

comparing juvenile victims with non-juvenile victims, we might more effectively undercover 

signaling words or phrases. 

The research team tried several different methods to automate this process. There are two 

popular ways in the natural language processing community to perform information extraction. 

The first is a rule-based method (often a complex set of rules)—meaning to define rules and 

keywords to locate the information, e.g., the beginning of the document is the report Record 

Management System (RMS) number. The second way is to use machine learning or artificial 

intelligences (AI). We did not find any model that effectively extracted information because the 

formatting in the reports was inconsistent, and there were not enough training data to inform the 

information extraction model. Additionally, these types of fields were difficult for the computer 

to extract due to significant variations in the spacing of this information, and the quality of the 

pdf (see Appendix A). While the information was extracted in a database, our research team’s 

assessment of the accuracy of the extracts indicated that automated extraction was not reliable. 

Researchers reviewed 328 reports comparing the victim’s date of birth extracted versus the 

original report. Only seven reports (or 2%) of 328 extracted the dates correctly. The computer 
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did not extract a date of birth for 291 (89%) of this sample (although there was a date of birth to 

extract). For 18 reports (5%), the date that was extracted and labeled as the victim’s date of birth 

was not actually the victim’s date of birth from the report. For the remaining 12 reports, there 

was no date of birth to extract. One report had multiple victims, which the computer was unable 

to discern.  

Since the pdf-to-text conversion process was not able to accurately automate the 

extraction of the discrete fields, we determined that the information was important enough for 

the analysis to justify collection—even if that meant hand-entering these fields for all 5,638 

reports. While police reports from CDP were mainly consistent in their format/structure, most of 

the reports were in one of four different formats (see Appendix A). Given the scale of the 

undertaking to enter data from the discrete fields, the team developed a coding procedure for the 

four major format types of the police reports to ensure consistency across multiple coders. Our 

guiding coding approach was to capture information as it was noted in the reports, even if the 

data in those fields appeared to be erroneously entered by police officers (e.g., the front sheet 

mentioned one victim, but the narrative mentioned two victims) (see Appendix A for more 

information). We selected variables from the front sheets that were most consistently captured 

across the four format types including: dates of report and crime, victim’s name(s), dates of birth 

for the victim and suspect, location of the assault, address of the victim and suspect, 

race/ethnicity and gender of victim and suspect and the criminal charge information listed on the 

report. During this process, we identified and indicated any additional reports that lacked an 

incident report or had little narrative text in the incident report (e.g., procedural text, and not the 

victim’s account of the assault to the patrol officer). These reports were either removed from the 

sample (Table 1) or flagged as such in the database. Lastly, to aid in de-identifying the reports, 
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we ran a name entity recognition model (implementation in python package Spacy) on the textual 

data to remove victims’, suspects’ and officers’ names and addresses.  

Given the novelty of using machine learning technology with criminal justice data, 

included as part of our deliverables for this project, Appendix A provides a summary protocol 

detailing the extraction, conversion and cleaning processes.  

Measures 
 
Predictors: Sentiment Analysis Scores  
 

Sentiment analysis is an approach to text classification that assesses the degree of opinion 

or emotion in a given text, positive, negative or neutral (Ignatow & Mihalcea, 2018). Sentiment 

analysis can be conducted by referencing a prebuilt, open-source library of sentiments 

(“sentiment lexicon”), which are textual collections of positive or negative sentiment (e.g., 

OpinionFinder). The sentiment score indicates how positive, negative or neutral the words 

comprising the narrative are. It is a float that ranges from [-1.0, 1.0], where 0.0 is neutral, 

positive words are assigned a positive value and negative words a negative value, and the final 

sentiment score is the sum of positive and negative scores. This means that the higher the score, 

the greater the number of positive words making up the text. 

Rule-based sentiment scoring and machine learning-based sentiment scoring are two 

commonly used methods in sentiment analysis. Given that we did not have training data for the 

machine learning method, and a machine learning-based sentiment tool trained on police reports 

does not exist, we applied the rule-based method. The rule-based method requires a dictionary or 

lexicon that defines the sentiment score on each word, with specific rules to handle negation and 

relationship in words such as adverbs (e.g., very happy is more positive than happy). We used the 

lexical-based approach to calculate the sentiment score for the entire report, the maximum 
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sentiment score for the paragraph and the maximum sentiment score for the sentence 

(Baccianella et al., 2010). There are multiple, open-access general sentiment lexicons or 

dictionaries. They vary slightly in their scoring calculations. The sentiment scores used here 

were derived from the SentiWordNet 3.0 dictionary (Guerini, Gatti & Turchi, 2013). 

To cross-check the quality of sentiment lexicon dictionaries, we used another lexicon, 

TextBlob, to derive polarity and subjectivity scores. Polarity scoring is conceptually the same as 

sentiment scoring in that it is a float within the range [-1.0, 1.0], where -1 is very negative, and 

+1 is very positive, so the higher the score, the more positive the sentiment is in the text. 

Subjectivity refers to personal feelings, views or beliefs. Subjective expressions come in many 

forms, e.g., opinions, allegations, desires, beliefs, suspicions and speculations (Liu & Zhang, 

2012). Subjectivity scores in the report quantify the amount of personal opinion and factual 

information contained in the text. Subjectivity floats within the range [0.0, 1.0], where 0.0 is very 

objective, and 1.0 is very subjective. In other words, the higher the score, the more personal 

opinion rather than factual information is contained in the text.  

While not a sentiment measure per se, we also measured the length of the report via a 

word count of the incident report. We used the default tokenizer in the python nltk package to 

calculate word count. Word counts can be an indicator of the amount of detail provided to 

responding officers by victims, and/or the level of effort expended in writing the report by the 

responding officer. In the proceeding sections, sentiment analysis measures refer to the three 

different sentiment analysis measures.  

Predictors: Demographics and Other Characteristics of the Cases   
 

In terms of the demographics, victims’ and suspects’ race/ethnicity are based on what 

was indicated in the discrete fields of the front sheet. The police reports did not include a “check 
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all that apply” racial categorization (e.g., no multi-racial options). On certain forms, Hispanic 

was listed as a race (e.g., a choice of White, Black, Asian or Hispanic). Other forms listed 

Hispanic as an ethnicity, allowing for the combination of race and ethnicity, such as Black 

Hispanic, White Hispanic or other Hispanic. However, given the inconsistency that race and 

ethnicity are documented in the different forms of the reports over time, if the reports indicated 

Hispanic (whether Black or White [no instances of Other Hispanic in the dataset]), the person 

was coded as Hispanic in these analyses. Thus, Victim/Suspect Black refers to victims/suspects 

who were identified in the police reports as African American, not Hispanic; Victim/Suspect 

White refers to victims/suspects who were identified in the police report as White, not Hispanic; 

Victim/Suspect Hispanic refers to victims/suspects who were identified on the police reports as 

Hispanic (race or ethnicity); Victim/Suspect Other refers to victims/suspects who were identified 

on the police report as a race other than White, Black or Hispanic. 

Victim’s/suspect’s age (at the time of the assault) was determined based on their date of 

birth (if provided) and the date of the assault. Given the age demographics of victims and the 

Ohio criminal statutes related to rape and age (Ohio Revised Code, 2021), the victim’s age was 

also grouped as Victim less than 13 years of age, Victim 13-17 years of age or Victim 18 years of 

age or older. Runaway defines a minor (less than 18 years of age) who was in the process of 

leaving their place of residence, be it their home or a residential setting, without custodial 

consent. Runaway cases are coded as such based on keywords searched in the narratives, such as 

“runaway” and “unruly”—while these two terms are not necessarily equivalent, they were the 

two commonly used words in reports to describe these types of cases. Suspect fully named 

indicates if the suspect (or in the case of multiple suspects, if at least one of the suspects) is fully 

named (first and last name) in the suspect section of the police report’s front sheet. Suspect 
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criminal history mentioned in the report refers to any mention of a suspect’s prior criminal 

history in the narrative of the police report, such as prior arrests and convictions. This was coded 

during the quality control process. Victim criminal history mentioned in the report refers to any 

mention of a victim’s prior criminal history in the police report, such as prior arrests and 

convictions, also coded during the quality control process. Victim not believed refers to cases 

where there was investigative follow-up on the case, and the closing language indicates either the 

victim was lying/doubted, or the victim recanted. Victim no engagement refers to cases where 

there was investigative follow-up on the case and, per the closing language, the case was closed 

due to a lack of victim follow-up with investigators, or due to the victim declining prosecution. 

In terms of case outcomes, Unfounded refers to cases closed after a police investigation 

determined a crime did not occur, as defined by the Federal Bureau of Investigation’s Uniform 

Crime Report (Federal Bureau of Investigation, 2013). A case is coded as unfounded if the term 

was mentioned in the narrative of the investigative follow-up, in the title or footer of the report. 

Year of the report was collected from the RMS number and information provided on the front 

sheet. Number of victims, Gender of Victim/Suspect and Gender of Victim/Suspect are derived 

from the front sheet.   

Outcomes 
 

Case outcomes are measured in two ways: (a) where the case stopped in the criminal 

justice system process—a measure of investigative activity—and (b) whether the case proceeded 

to prosecution—a measure of a “successful” case outcome in this study. In terms of investigative 

activity, we categorized cases as follows:  

(a) No Investigation—cases with no indication in the police report of any investigative 

activity, but this could also mean cases where the investigative report is missing,  
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(b) Investigation Stalled—cases with an indication in the police report of investigative 

follow-up, but the case was closed without being forwarded to a prosecutor for 

review,  

(c) Investigation Forwarded for Prosecutorial Review (stopped after review)—cases with 

an indication in the police report of investigative follow-up and the case being 

forwarded to a prosecutor for review, but the prosecutor declined to pursue the case 

further, and  

(d) Proceeded to Prosecution—cases where there was an indication in the police report 

of investigative follow-up and the case being forwarded to a prosecutor, and the 

prosecutor accepted the case. 

 Given that approximately a quarter of the cases proceeded to prosecution (see Table 2), 

and the more limited information contained in the case files as to whether a case led to a 

successful adjudication (often defined as a guilty plea or conviction), we categorize the 

successful cases as those that Proceeded to Prosecution. 

Methods 

Machine learning techniques of textual data provide several important benefits to the 

more traditional social science methods of analyzing textual data (e.g., human manual qualitative 

and quantitative coding). Machine learning techniques can analyze large quantities of text and/or 

larger samples in much less labor- and time-intensive ways. Additionally, machine learning 

techniques or methods can also detect patterns in text that human analysis techniques are not able 

to discern (DiMaggio et al., 2013) . 

There are numerous types of machine learning models for analyzing textual data. All 

machine learning models involve learnable parameters, as opposed to the pre-defined fixed 
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parameters, as is common in more traditional methods for analyzing textual data, which can be 

adjusted based on the data. Typically, in machine learning, several models are tested for fit and 

efficiency, and based upon information on those metrics (“performance”), the results from the 

best or better fitting methods are presented.  

Preprocessing of Text 

In this study, before the text could be analyzed using machine learning models, it had to 

be preprocessed via tokenization, which is the process of separating the text into pieces a 

machine can understand. This was done by treating white spaces and punctuation as explicit 

word boundaries. After chunking the police reports into word pieces, we then represented the 

police reports using the bag-of-words representation. It was equivalent to creating the dummy 

variables of the word count for each word in the documents. We removed capitalization in the 

text, as it did not carry extra explanatory information. We also removed punctuation and then put 

it back in, because we found the sentence mark helped us understand the context of the words. 

Lastly, we removed words that appeared less than five times because they were likely either 

typos or strange words and did not provide significant information on the case outcomes.  

Since the goal of the study was to explore if and how responding officers’ written reports 

in rape cases impact investigating officers’ decision-making and how cases proceed (or fail to 

proceed) in the criminal justice process, we limited our textual analysis of the data to the incident 

reports taken by the responding officers. Responding officers are tasked with writing the incident 

report of the crime. The incident reports should document the most pertinent facts and evidence 

and then be forwarded to an investigator (detective) for follow-up. The case outcomes derive 

from primarily the investigative reports; however, in these analyses (e.g., sentiment analyses and 
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text classification), we did not include the text from the investigation or prosecution of the case 

(e.g., text connected to what occurred after being forwarded for investigative follow-up).  

Sentiment Analysis  

We present sentiment analyses on what should be objective text, as police reports should 

only contain pertinent facts, not opinions, and what is pertinent is often unclear, and is based 

upon details provided by the victim.  

Text Classification: Trigrams 
 

We originally proposed to use topic modeling using Latent Dirichlet Allocation (LDA), 

where “each topic is a distribution of all observed words in the texts such that words that are 

strongly associated with the text’s dominant topics have a higher chance of being included” 

(Ignatow & Mihalcea, 2018, p. 210). Topic modeling is used for discovering abstract topics from 

a collection of documents. We conducted LDA in our preliminary analyses of these data; 

however, the results produced topics that were almost all procedural words and did not provide 

the more substantive phrases that might speak to signaling. Therefore, we instead employed a 

similar technique—discussed as trigrams—that produced more substantively interpretable 

phrases, as detailed below. 

Within the text classification methods implemented in scikit-learn instead of single-word 

representations, we explored predictive phrases in the text via two words phrases (bigrams, e.g., 

“issued papers”) and three words phrases (trigrams, e.g., “issued papers for”). Trigrams are the 

most informative, as they give more contextual information. Preliminary analyses resulted in 

trigrams that were almost exclusively procedural in nature and did not provide the more 

substantive phrases that might speak to signaling. In order to “get past” some the highly 

procedural phrases, we removed the trigrams that appeared in more than 50% of the text, as these 
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were procedural phrases that provided little signaling information. We then trained several 

supervised machine learning methods to classify the police reports. Figure 8 provides 

information on which of the employed machine learning methods best fit the data based on the 

score-test time trade-off, where the better fitting models are those with the highest level of 

accuracy and the lowest test time. Based upon these data, we present the trigrams for two 

methods—logistic and complement Naïve Bayes.   

Figure 8: Score-Test Time Trade-Off for Text Classification Methods 

 

The best fitting method was logistic regression (Method 1). Logistic regression is a linear 

model for classification, also known as logit regression, maximum-entropy classification 

(MaxEnt) or the log-linear classifier.  The probabilities describing the possible outcomes of a 

single trial are modeled using a logistic function. For notational ease, we assumed that the target 

yi took values in the set {0,1} for data point i. Once fitted, the method predicts the probability of 

the positive class P(yi=1|Xi) as 
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The second best fitting method (Method 2) used the Complement Naive Bayes algorithm 

(ComplementNB or CNB), which is a Bayesian learning approach commonly used in Natural 

Language Processing (NLP). For example, the program guesses the tag of a text, such as an 

email or a newspaper story, using the Bayes theorem. CNB is an adaptation of the standard 

multinomial naive Bayes (MNB) algorithm that is particularly suited for imbalanced data sets. 

Specifically, CNB uses statistics from the complement of each class to compute the model’s 

weights. The parameter estimates for CNB are more stable than those for MNB. Further, CNB 

regularly outperforms MNB (often by a considerable margin) on text classification tasks.  

Assuming the conditional independence between every trigram appearing in the 

narratives, Naive Bayes (Rennie, Shih, Teevan, & Karger, 2003) was used to detect the most 

predictive trigrams in the reports. Bayes’ theorem states the following relationship, given the 

case outcomes and dependent trigrams appearance 𝑥𝑥1 through 𝑥𝑥𝑛𝑛: 

𝑃𝑃(𝑦𝑦 ∣∣ 𝑥𝑥1, … , 𝑥𝑥𝑛𝑛 ) =
𝑃𝑃(𝑥𝑥1, … ,𝑥𝑥𝑛𝑛)

𝑃𝑃(𝑦𝑦)𝑃𝑃( 𝑥𝑥1, … 𝑥𝑥𝑛𝑛 ∣∣ 𝑦𝑦 ) 

 
Using the naive conditional independence assumption that 
 

𝑃𝑃(𝑥𝑥𝑖𝑖|𝑦𝑦, 𝑥𝑥1, … ,𝑥𝑥𝑖𝑖−1, 𝑥𝑥𝑖𝑖+1, … ,𝑥𝑥𝑛𝑛) = 𝑃𝑃(𝑥𝑥𝑖𝑖|𝑦𝑦), 
 
for all i, this relationship is simplified to 

𝑃𝑃(𝑦𝑦 ∣∣ 𝑥𝑥1, … , 𝑥𝑥𝑛𝑛 ) =
𝑃𝑃(𝑦𝑦)∏ 𝑃𝑃( 𝑥𝑥𝑖𝑖 ∣∣ 𝑦𝑦 )𝑛𝑛

𝑖𝑖=1

𝑃𝑃(𝑥𝑥1, … ,𝑥𝑥𝑛𝑛)  

 
Since 𝑃𝑃(𝑥𝑥1, … ,𝑥𝑥𝑛𝑛) is constant given the input, we used the following classification rule: 
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and Maximum A Posteriori (MAP) estimation to estimate P(y) and 𝑃𝑃( 𝑥𝑥𝑖𝑖 ∣∣ 𝑦𝑦 ). The former was 

then the relative frequency of the case outcome y in the training set. Laplace smoothing was used 

in the estimation of the probability distributions to avoid assigning a probability of zero when 

documents contained words never previously seen within a case outcome. 

Human-Detected Sentiment and Themes 
 
 Given that the sentiment lexicon in these analyses is based on non-criminal justice text, 

and text classification frequently requires a qualitative exploration and interpretation (Ignatow & 

Mihalcea, 2018), we also conducted human-detected sentiment and thematic analyses on 

portions of the data. These human-detected analyses provided a contextual understanding and 

validation of the machine-detected findings. For example, what does it mean to have “negative” 

text? What is being described? How is it being described? And who is being described 

negatively (if applicable)?  

Sentiment scores for polarity, subjectivity and overall sentiment were assigned to each 

report using methods detailed in the previous section. These scores were uploaded into an 

spreadsheet for each police report analyzed (N = 5,635). Two of the highest sentiment analysis 

scored reports were selected at random from a list of the top 20 police reports in the spreadsheet 

for each sentiment measure—subjectivity, polarity and overall sentiment. Additionally, two 

median sentiment analysis-scored police reports for each sentiment analysis measure were 

randomly selected from the middle of the data file between reports numbered 2,810 to 2,830. 

Finally, for each sentiment analysis measure, two randomly selected police reports were chosen 

from the bottom 20 of the sentiment-scored Excel data file. The original narratives for each of 
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these police reports (n = 18) were then qualitatively hand coded. The qualitative thematic codes 

were developed around a family of codes describing victim characteristics, perpetrator 

characteristics, the year in which the assault took place, total word count for the narrative and 

other thematic issues that arose in the case (e.g., how the case closed, levels of violence, 

alcohol/drug use). Each of these coded words were then imported into a free word cloud software 

that allows for visual customization of the thematic coding. Word clouds are a straightforward 

way to represent textual data visually. These visual designs highlight more frequently used 

words, codes or themes by allowing them to occupy more prominence (i.e., size) in the final 

representation (McNaught & Lam, 2010). Word clouds can be used for the preliminary analysis 

of text and validation of findings (McNaught & Lam, 2010). The larger or more prominent the 

coded word(s), the more frequently it occurred across the 18 sentiment analysis-scored police 

reports.  

Results 
 

Tables 2 and 3 provide the descriptive statistics for the discrete and continuous variables 

in our dataset. Table 4 indicates that the mean sentiment score is very close to zero in these data. 

Again, sentiment can be thought of as the degree of opinion (general)—positive, negative or 

neutral—in the text (Ignatow & Mihalcea, 2018). The near-zero mean for this measure is an 

indicator of the more neutral and formulaic nature of police reports. The polarity score can be 

interpreted similarly to sentiment score in our reports—just from a different open-source 

dictionary. The mean polarity score is slightly negative—the only negative mean among the 

three different types of sentiment measures. Subjectivity is a measure of the degree of personal 

opinion in the reports rather than factual information. The mean subjectivity score is positive and 

the highest of the three different types of sentiment analysis measures, which means the reports 
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are more subjective than objective in language overall. Taken together, the mean scores for these 

three different sentiment analysis measures demonstrate that these reports generally are not 

highly opinionated and/or tend to skew slightly negative and are more subjective. Lastly, word 

counts indicate that there are an average of 415 words in the incident reports.   

Aim 1 

Aim 1 assesses to what extent: (a) sentiment is present and, if present, the nature of the 

sentiment, and (b) sentiment varies by the characteristics of the case, victim and suspect—in 

particular for reports that are most likely to have negative opinions or statements about a victim’s 

credibility.  

Aim 1’s hypotheses: 

H1A: Sentiment is present in the reports and skews negative and subjective.  

H1B: Sentiment is more negative and subjective in reports where victims: were not 

believed by officers, have traditionally been viewed more negatively by police officers 

and not engaged in the criminal justice process—lending support that negative, subjective 

sentiment might indicate signaling.   

Preliminary analyses explored which sentiment analysis measures should be used—the 

maximum score for the entire incident report, the maximum score for the paragraph or the 

maximum score for the sentence. Sentiment analysis measures for the entire incident report were 

chosen for two reasons. First, there was a great deal of variation from report to report in the 

number of paragraphs contained in the incident report, and even more variation when examining 

by sentence. Second, the descriptive analyses on the distribution of the maximum paragraph and 

sentence scores indicated they were significantly skewed. Thus, the presented maximum 

sentiment analysis statistics are based on the entire incident report.  
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Table 2: Characteristics of the Reports for the Discrete Variables 

Characteristics of report, victim and suspect n f 

Incident report   

Has incident report 5,570 98.8 

No or limited incident report 68 1.2 

Decade of report   

1990s 2,280 41.0 

2000s 2,931 52.6 

2010s 356 6.4 

Decade of (sexual) assault incident    

1980s 1 <0.1% 

1990s 2,277 40.9 

2000s 2,939 52.8 

2010s 350 6.3 

Number of victims   

One victim only 5,539 98.2 

More than one victim 99 1.8 

Gender of first victim 
 

 

  Female 5,236 94.7 

  Male 291 5.3 

Race/Ethnicity of first victim   

Black/African American 3,547 64.6 

White/Caucasian 1,790 32.6 

Hispanic (of any race) 138 2.5 

Other race 16 0.3 

Age of first victim   

Less than 13 years of age 654 11.9 

Between 13 and 17 years of age 1,238 22.6 

18 years of age or older 3,585 65.5 

Gender of second victim   
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  Female 67 69.8 

  Male 29 30.2 

Race/Ethnicity of second victim   

Black/African American 65 69.1 

White/Caucasian 28 29.8 

Hispanic (of any race) 1 1.1 

Other race 0 0.0 

Age of second victim   

Less than 13 years of age 31 34.8 

Between 13 and 17 years of age 15 16.9 

18 years of age or older 43 48.3 

Suspect age    

Only non-minor(s) involved (at least 18 years old) 2,119 84.7 

    More than 1 suspect (at least one suspect is a minor & at least one 
suspect not a minor) 

25 1.0 

Only minor(s) involved (less than 18 years old) 359 14.3 

Gender of first suspect   

  Female 40 0.9 

  Male 4,640 99.1 

Race/Ethnicity of first suspect   

Black/African American 3,472 77.2 

White/Caucasian 854 19.0 

Hispanic (of any race) 159 3.5 

Other race 13 0.3 

Gender of second suspect   

  Female 39 6.8 

  Male 532 93.2 

Race/Ethnicity of second suspect   

Black/African American 394 75.5 

White/Caucasian 110 21.1 
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Hispanic (of any race) 15 2.9 

Other race 3 0.6 

Gender of third suspect   

  Female 8 4.8 

  Male 158 95.2 

Race/Ethnicity of third suspect   

Black/African American 114 75.0 

White/Caucasian 35 23.0 

Hispanic (of any race) 2 1.3 

Other race 1 0.7 

Gender of fourth suspect   

  Female 3 5.2 

  Male 55 94.8 

Race/Ethnicity of fourth suspect   

Black/African American 41 78.8 

White/Caucasian 11 21.2 

Hispanic (of any race) 0 0.0 

Other race 0 0.0 

Gender of fifth suspect   

  Female 3 15.8 

  Male 16 84.2 

Race/Ethnicity of fifth suspect   

Black/African American 12 66.7 

White/Caucasian 6 33.3 

Hispanic (of any race) 0 0.0 

Other race  0 0.0 

Gender of sixth suspect   

  Female 3 30.0 

  Male 7 70.0 

Race/Ethnicity of sixth suspect   

This resource was prepared by the author(s) using Federal funds provided by the U.S. 
Department of Justice. Opinions or points of view expressed are those of the author(s) and do not 

necessarily reflect the official position or policies of the U.S. Department of Justice.



NIJ Award 2018-VA-CX-0002 Final Report  Page 52 of 146 

Black/African American 7 70.0 

White/Caucasian 3 30.0 

Hispanic (of any race) 0 0.0 

Other race 0 0.0 

Gender of seventh suspect   

  Female 1 33.3 

  Male 2 66.7 

Race/Ethnicity of seventh suspect   

Black/African American 1 33.3 

White/Caucasian 2 66.7 

Hispanic (of any race) 0 0.0 

Other race 0 0.0 

Any suspect fully named   

Fully named 3,124 55.3 

Not fully named 2,514 44.7 

First suspect named   

Fully named 3,106 62.6 

Not fully named 1,816 37.4 

Second suspect named   

Fully named 214 37.2 

Not fully named 346 62.8 

Third suspect named   

Fully named 48 28.1 

Not fully named 120 71.9 

Fourth suspect named   

Fully named 17 29.6 

Not fully named 38 70.4 

Fifth suspect named   

Fully named 6 30.0 

Not fully named 14 70.0 
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Sixth suspect named   

Fully named 4 44.4 

Not fully named 5 55.6 

Seventh suspect named   

Fully named 2 66.7 

Not fully named 1 33.3 

Victim criminal history   

Mentioned in report 27 0.5 

Not mentioned in report 5,611 99.5 

Suspect criminal history   

Mentioned in report 287 5.1 

Not mentioned in report 5,351 94.9 

Case outcomes and characteristics   

Investigation   

No investigation indicated in report 474 8.4 

Investigation occurred as indicated in the report 5,164 91.6 

Of those with an investigation as indicated in the report   

Investigation stalled before being forwarded to prosecution  1,338 25.9 

Investigation not stalled 3,826 74.1 

Of those with an investigation and it did not stall (as indicated in the report)  

Investigation forwarded for (prosecutorial) review  2,307 60.3 

Investigation not forwarded for (prosecutorial) review 1,519 39.7 

Of all cases, did the case   

Proceeded to prosecution  1,519 26.9 

Did not proceed to prosecution 4,119 73.1 

Case stalled at investigation or prosecution   

Investigation stalled for reasons known or unknown 1,045 18.5 

Investigation closed – all other closing reasons 4,119 73.1 

No investigation 474 8.4 

Victim not believed    
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Indication victim not believed or lied 158 2.8 

No indication victim not believed or lied 5,480 97.2 

Victim engagement   

Case closed due to lack of victim engagement (lack of victim follow-
up, or victim did not want to prosecute) 

2,296 40.7 

Case closed for all other reasons 3,342 59.3 

Case was closed as unfounded   

Unfounded 386 6.8 

Not unfounded 5,252 93.2 

Victim identified as a runaway in the report   

Runaway 64 1.1 

Not a runaway 5,574 98.9 

Suspect arrested   

Suspect was arrested 1,186 21.4 

Suspect was not arrested 4,352 78.6 
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Table 3: Characteristics of the Reports for the Continuous Variables 

 n M (SD) Min Max 

Demographics      

Age of victims (years)     

Victim 1 5,477 23.85 (12.31) 0.00 95.00 

Victim 2 89 21.14 (17.09) 0.00 83.00 

Age of suspects (years)     

Suspect 1 2,478 29.37 (11.81) 6.00 89.00 

Suspect 2 169 24.66 (10.83) 6.00 58.00 

Suspect 3 38 20.40 (7.71) 9.00 46.00 

Suspect 4 14 20.21 (5.86) 13.00 37.00 

Suspect 5 3 16.00 (1.00) 15.00 17.00 

Suspect 6 3 15.67 (2.52) 13.00 18.00 

Suspect 7 2 15.00 (2.83) 13.00 17.00 

Sentiment analysis scores     

Subjectivity 5,638 .2517 (.0554) .1069 .5875 

Subjectivity (standardized) 5,638 .0000 (1.0000) -2.6111 6.0573 

Polarity 5,638 -.0120 (.0373) -.1394 .2147 

Polarity (standardized) 5,638 .0000 (1.0000) -3.4103 6.0691 

Sentiment score 5,638 .0021 (.0080) -.0246 .0336 

Sentiment score (standardized) 5,638 .0000 (1.0000) -3.3550 3.9528 

Max sentence subjectivity 5,638 .8097 (.1946) .1245 1.0000 

Max sentence polarity 5,638 -.3299 (.1549) -1.000 .0000 

Max sentence sentiment score 5,638 -.1027 (.0693) -.7693 .0000 

Max paragraph subjectivity 5,638 .8564 (.1297) .1341 1.0000 

Max paragraph polarity 5,638 -.3020 (.1751) -1.000 .0000 

Max paragraph sentiment score 5,638 -.1185 (.0766) -.7693 .0000 

Word count of incident report 5,638 415.09 (251.53) 0.00 2694.00 
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Difference of Means Testing 
 

To assess the presence and type of signaling, Tables 4 and 5 present the results for the 

difference of means for the three sentiment analysis measures plus word count by: (a) the 

characteristics of the victims and suspects, and (b) the reports most likely to have signaling 

language because they were closed as unfounded, had explicit statements about disbelieving the 

victim’s account or were where victims were not engaged in the process according to the reports. 

The results provide insight into which reports might have the highest prevalence of signaling 

language and the nature of that signaling (e.g., more negative, subjective).  

The mean number of words in the incident reports is higher in cases: with female victims, 

non-Black victims, White victims, Hispanic victims, victims 13-17 years of age (vs. victims 

younger than 13 or older than 17), victims less than 18 years of age, at least one suspect fully 

named, at least one suspect’s criminal history mentioned in the report, not unfounded and victims 

engaged in the investigation. Cohen’s d point estimates indicate that word count has a large 

effect on many of the variables of interest in the study. As a continuous variable, the younger the 

victim, the more words the incident report has. For the variables pertaining to victims (e.g., 

victim’s age, gender, race/ethnicity), the presented analyses pertain to only the first victim listed 

in the report (more than 98% of the cases) because our manual coding of the data indicated that 

when there was more than one victim, the demographic information for the second victim was 

more prone to data entry errors by the officers. These errors frequently took the form of officers 

entering in information connected to witnesses or reporting persons who were not the victim into 

the field for victim 2 instead of in the fields for witnesses or reporting persons.  

Subjectivity scores in the incident reports are higher (indicating more personally 

opinionated text/tone) in cases: with Black victims, non-White victims, victims younger than 13 
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years of age, at least one suspect fully named and at least one suspect’s criminal history 

mentioned in the report. 

Polarity scores in the incident report are higher (indicating more positive text/tone) in 

cases: with non-Black victims, White victims, victims younger than 13 years of age, at least one 

suspect fully named, not unfounded and victims engaged in the investigation. The correlation 

matrix indicates that the younger the suspect (presented as a continuous variable instead 

grouped), the lower the polarity score (more negative).   

Sentiment scores in the incident report are higher (indicating more opinionated text/tone) 

in cases: where at least one suspect is fully named, at least one suspect’s criminal history is 

mentioned in the report, not unfounded and there is no evidence in the report of victims not being 

believed by officers.   
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Table 4: Difference of Means Results for Sentiment Analysis Measures Including Word Count for 

Predictors and Case Outcomes 

Sentiment Analysis 
Scores 

Female victim  
(n = 5,150) 

Male victim 
(n = 279) 

p value Cohen’s d 
  

 M SD M SD   
Word count 415.65 247.84 380.13 246.64 .020 -.143 
Subjectivity  .251 .055 .258 .052 .061 .115 
Polarity -.012 .037 -.008 .041 .091 .104 
Sentiment  .002 .008 .002 .008 .573 -.035 
 Black victim  

(n = 3,480) 
Non-Black victim 

(n = 1,913) 
p value Cohen’s d 

  
 M SD M SD   
Word count 405.46 240.06 430.92 260.30 < .001 .103 
Subjectivity  .253 .056 .248 .053 .002 -.089 
Polarity -.013 .037 -.011 .036 .021 .066 
Sentiment  .002 .008 .002 .008 .335 -.027 
 White victim  

(n = 1,760) 
Non-White victim 

(n = 3,633) 
p value Cohen’s d 

  
 M SD M SD   
Word count 429.31 260.81 407.31 240.81 .003 -.089 
Subjectivity  .248 .053 .253 .055 .003 .086 
Polarity -.011 .036 -.013 .037 .031 -.063 
Sentiment  .002 .008 .002 .008 .381 -.025 
 Hispanic victim  

(n = 137) 
Non-Hispanic victim 

(n = 5,256) 
p value Cohen’s d 

  
 M SD M SD   
Word count 457.11 248.44 413.38 247.61 .041 -.177 
Subjectivity  .248 .052 .251 .055 .475 .062 
Polarity -.011 .036 -.012 .037 .745 -.028 
Sentiment  .003 .008 .002 .008 .407 -.072 
 Other race victim  

(n = 16) 
Non-other race victim 

(n = 5,377) 
p value Cohen’s d 

  
 M SD M SD   
Word count 383.50 302.43 414.58 247.55 .616 .125 
Subjectivity  .252 .045 .251 .055 .989 -.003 
Polarity -.006 .028 -.012 .037 .499 -.169 
Sentiment  -.001 .008 .002 .008 .142 .368 
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 Victim less than 13 
years of age 

(n = 628) 

Victim 13 years of 
age or greater 

(n = 4,751) 

p value Cohen’s d 

  

 M SD M SD   
Word count 414.81 256.71 414.76 247.12 .996 .000 
Subjectivity  .257 .054 .251 .055 .013 -.105 
Polarity -.008 .040 -.013 .037 .002 -.139 
Sentiment  .002 .008 .002 .008 .248 -.049 
 Victim 13-17 years of 

age 
(n = 1,214) 

Victim younger than 
13 or older than 17 

(n = 4,165) 

p value Cohen’s d 

  

 M SD M SD   
Word count 441.85 245.59 406.87 248.47 < .001 -.141 
Subjectivity  .250 .055 .252 .055 .467 .024 
Polarity -.013 .038 -.012 .037 .286 .035 
Sentiment  .002 .008 .002 .008 .323 .032 
 Victim 18 years of 

age or older 
(n = 3,537) 

Victim less than 18 
years of age 
(n = 1,842) 

p value Cohen’s d 

  

 M SD M SD   
Word count 405.46 246.99 432.63 249.70 < .001 .110 
Subjectivity  .251 .055 .253 .055 .299 .030 
Polarity -.013 .036 -.011 .038 .211 .037 
Sentiment  .002 .008 .002 .008 .930 -.003 
 Suspect fully named 

(n = 3,063) 
Suspect not fully 

named 
(n = 2,476) 

p value Cohen’s d 

  

 M SD M SD   
Word count 455.08 268.82 357.90 205.58 < .001 -.338 
Subjectivity  .249 .055 .255 .056 < .001 .190 
Polarity -.008 .038 -.018 .036 < .001 -.229 
Sentiment  .004 .008 .000 .008 < .001 -.605 
 Suspect criminal 

history mentioned 
(n = 281) 

Suspect criminal 
history not mentioned 

 (n = 5,258) 

p value Cohen’s d 

  

 M SD M SD   
Word count 583.81 318.79 402.44 239.51 < .001 -.743 
Subjectivity  .233 .049 .253 .056 < .001 .353 
Polarity -.013 .032 -.012 .037 .629 .026 
Sentiment  .004 .007 .002 .008 < .001 -.244 
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 Victim criminal 
history mentioned 

(n = 26) 

Victim criminal 
history not mentioned 

 (n = 5,513) 

p value Cohen’s d 

  

 M SD M SD   
Word count 417.12 342.21 411.61 246.85 .935 -.022 
Subjectivity  .250 .065 .252 .055 .849 .038 
Polarity -.023 .034 -.012 .037 .141 .290 
Sentiment  .005 .006 .002 .008 .107 -.317 
 Unfounded 

(n = 382) 
Not unfounded 

 (n = 5,157) 
p value Cohen’s d 

  
 M SD M SD   
Word count 373.27 220.49 414.48 249.00 .002 .167 
Subjectivity  .252 .055 .252 .055 .982 .001 
Polarity -.020 .034 -.011 .037 < .001 .229 
Sentiment  -.003 .008 .003 .008 < .001 .768 
 Evidence victim not 

believed 
(n = 156) 

No evidence victim 
not believed 
 (n = 5,383) 

p value Cohen’s d 

  

 M SD M SD   
Word count 394.21 240.42 412.15 247.54 .372 .073 
Subjectivity  .251 .060 .252 .055 .860 .014 
Polarity -.016 .041 -.012 .037 .222 .099 
Sentiment  -.001 .008 .002 .008 < .001 .361 
 Lack of victim 

engagement 
(n = 2,278) 

Victim engaged 
(n = 3,261) 

p value Cohen’s d 

  

 M SD M SD   
Word count 371.75 211.87 439.51 265.87 < .001 .276 
Subjectivity  .252 .055 .251 .056 .563 -.016 
Polarity -.014 .035 -.010 .038 < .001 .107 
Sentiment  .001 .008 .003 .008 < .001 .180 

 
Note: Victim variables only pertain to first victim listed in the report. 
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Table 5: Correlation Matrix for Continuous Measures 

Continuous 
variables n 1 2 3 4 5 6 

1. Sentiment score  --      
2. Polarity score 5,539 .124*** --     
3. Subjectivity 

score 5,539 -.187*** .386*** --    

4. Word count 5,539 .068*** -.117*** -.148*** --   
5. Victim 1 age 5,379 -.027 -.018 -.013 -.046*** ---  
6. Suspect 1 age 2,418 -.007 .113*** .018 .025 .464***a --- 

 
Note: *** < .001. a n = 2,405 
 
Sentiment Analysis Measures Across Time   
 
 Given that the reports cover nearly a quarter of a century, we explored variations in the 

sentiment analysis measures (plus word counts) across time. The results indicate all the 

sentiment analysis measures have remained consistent over the observation period. Figures 9 

through 12 specify that for most of the 1990s through the 2010s, the word counts are stable (with 

the demonstrated variation in the word counts deriving from the smaller number of reports prior 

to 1993 and after 2011). Figure 10 shows that when examining word count by decade, the 

average incident report increases by an average of 13 words from the 1990s to the 2000s, and 

then stays constant through the 2010s. Sentiment, polarity and subjectivity are also stable over 

the years and even decades, with a small increase in subjectivity and a small decrease in polarity 

starting around 2002-2003. 

Figure 9: Word Count by Year 
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Figure 10: Word Count by Decade 

 

Figure 11: Sentiment Analysis Measures by Year 
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Figure 12: Sentiment Analysis Measures by Decade 

 
 
Aim 2 

Aim 2 assesses: (a) whether sentiments in the responding officers' narratives are different 

in cases with increased investigative activity compared to those with less, and (b) how phrases in 

the incident reports vary depending on the level of investigative activity. Investigative activity is 
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defined as—Investigation Stalled prior to prosecutorial review (0,1) and Investigation 

Forwarded for [Prosecutorial] Review (0,1).  

Aim 2 hypotheses: 

H2A: Sentiment analysis measures predict the level of investigative activity—more 

specifically, shorter reports and those with more negative and subjective sentiment stalled 

earlier in the process.  

H2B: Phrases in the reports vary depending on the level of investigative activity—more 

specifically, reports stalled earlier in the investigative process have phrases that more 

negatively describe the victim, thus potentially indicating signaling.   

Aim 2: Sentiment Analysis Findings  
 

In support of H2A, Table 6’s differences of means tests indicate that the sentiment 

analysis measures vary for Investigation Stalled and Investigation Forward for Review cases.   

Table 6: Difference of Means Results for Sentiment Analysis Measures Including Word Count for 

Activity Outcomes 

Sentiment Analysis 
Scores 

Investigation  
stalled 

(n = 3,747) 

Investigation did not 
stall 

(n = 1,329) 

p value Cohen’s d 

  

 M SD M SD   
Word count 368.64 210.97 429.31 257.88 < .001 .246 
Subjectivity  .240 .051 .257 .055 < .001 .320 
Polarity -.025 .034 -.006 .037 < .001 .517 
Sentiment  .003 .008 .001 .008 < .001 -.236 
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 Investigation 
forwarded for 

prosecutorial review 
(n = 2,274) 

Investigation not 
forwarded for 

prosecutorial review 
 (n = 1,473) 

p value Cohen’s d 

  

 M SD M SD   
Word count 390.29 229.15 489.55 286.64 < .001 .392 
Subjectivity  .261 .055 .252 .055 < .001 -.164 
Polarity -.009 .035 -.002 .039 < .001 .205 
Sentiment  <-.000 .008 .004 .007 < .001 .518 

 
Since the difference of means tests indicate a relationship between the sentiment analysis 

measures and investigative outcomes, we conducted logistic regression of these measures on 

investigative activity (Tables 7 through 8). We do not provide regressions for cases where there 

was no indication of any investigative activity, as prior research on these cases indicated that no 

investigative activity could mean that an investigation was never conducted, but could also mean 

the investigative report was missing (Lovell, Overman, et al., 2020). Each sentiment measure is 

regressed in separate models as multicollinearity diagnostics and a goodness of fit measure 

(Hosmer & Lemeshow test) indicate that separately regressing each measure produces better 

fitting models (results not shown).  

In support of H2A, Models 2 and 3 in Table 7 establish that the polarity and subjectivity 

scores predict Investigation Stalled or not, with sufficient to strong goodness of fit metrics 

(starting at the .05 level, the higher the value, the better the fit). However, in partial support of 

H2A, the stalled cases have more negative and less subjective text/tone. Additionally, reports with 

fewer words, older victims and cases without fully named suspects were more likely to be stalled 

in the investigation phase. Model 1 in Table 7 has a very large odds ratio indicating a potential 

lack of fit in this model. 

Also in support of H2A, Models 1 through 3 in Table 8 indicate that sentiment, polarity 

and subjective scores predict Forwarded for Review or not, with sufficient to moderate goodness 
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of fit metrics. However, in partial support of H2A, cases that proceeded to this phase have more 

negative (although the mean polarity scores are near zero) and more subjective tone/text than 

those that stalled earlier in the process. The differences of means bivariate analyses indicate a 

negative, significant relationship, but the multivariate regression analyses in Model 3 indicate a 

non-significant relationship. Reports with fewer words, older victims, non-Hispanic victims for 

polarity (n = 87; White victims are the much larger reference group) and cases without fully 

named suspects are more likely to be stalled after being Forwarded for Review.  

One major difference between these two outcomes is the change in the sign for 

subjectivity in cases that were forwarded, although the multivariate relationship is non-

significant. Additionally, the other covariates in Models 2 and 3 for the sentiment variables have 

larger odds ratios and weaker goodness of fit statistics in the Forwarded for Review cases.  

Table 7: Logistic Regression for Sentiment Scores on Investigation Stalled Outcome 
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Table 8: Logistic Regression for Sentiment Scores on Investigation Forwarded for Prosecutorial 

Review Outcome 

 
 
Aim 2: Text Classification Findings 
 
Investigation Stalled 

The logistic regression method (Method 1) in text classification models generates both a 

predictively positive and negative cluster of trigrams. For the outcome Investigation Stalled, 

trigrams with predictive value (positive, 1) indicate heavy prosecutorial involvement 

(“prosecutor [person name],” “ruled no papers,” “no papers issued”) (see Figure 13 for raw 

results). While not formally forwarded for review, a sizable portion of the stalled cases included 

conferment with a prosecutor, or mention that a case would be forwarded (versus was forwarded) 

to a prosecutor, juvenile court or child welfare—thus, an intent to forward or perhaps a more 
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informal involvement of a prosecutor. These results suggest the prosecutor’s pre-screening 

and/or conferment might serve as a gatekeeping process for these cases.  

The inverse (negative, 0) of Investigation Stalled (i.e., those that proceeded forward) 

cases highlights the importance placed on victim involvement during investigations. The actions 

of the victim and the assigned sex crimes officer are in focus. Most trigrams involve the victim 

as the subject (“victim come forward,” “victim has not,” “until the victim”), or sex crimes officer 

names or assignments (“received an assignment,” “lieutenant [name] officer,” “in charge 

detective”). The next group of trigrams contain phrases in reference to leads, or lack thereof 

(“investigative leads at,” “leads at this,” “no further investigative”). (See Figure 14 for trigram 

categories). 

Figure 13: Investigation Stalled Raw Results 

 

Figure 14: Investigation Stalled Trigram Categories 
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Text classification Method 2 (CNB) highlights the mention of the top three predictive 

words “door,” “one” and “operable,” with the number of times the word is mentioned in the 

predictive (positive, 1) provided in parentheses for Investigation Stalled cases. The top three 

words for the inverse (negative, 0) are “crime,” “narrative” and “sex.” (See Figure 15 for the top 

three most frequent unigrams resulting from Method 2.) 

Figure 15: Investigation Stalled Text Classification Method 2 

 

Investigation Forwarded for Review 

In support of H2B, cases with more investigative activity present different trigrams 

compared to those with less. For cases that had more investigative activity, Investigation 

Forwarded for Review, the first two trigram categories with predictive value (positive, 1) 
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indicate forward-moving procedural activities: sending a case to grand jury or arresting, charging 

and naming a suspect (See Figure 16 for raw results). Positive trigrams also show the existence 

of form 10, which is an attachment to police reports that has further investigative details. 

Interestingly, cases that moved forward also mentioned rape or unlawful sex specifically. This 

could suggest officers were writing more details (or perhaps just more words) in the report, so 

there were more mentions of the crime itself, or officers charged suspects more often in these 

reports, so the actual rape charge was mentioned more frequently. Thus, the results suggest 

officers are more inclined to predictively use the word rape (e.g., “unlawful” or “2907.02”) in 

cases that progressed further in the criminal justice system. 

The inverse (negative, 0) of this outcome also highlights prosecution-related language, 

but it is language used to stop a case from moving forward: the prosecutor issued or ruled no 

papers, or the victim signed a no prosecution form. As hypothesized, lack of victim action is also 

mentioned frequently (“victim did not”). These results are saturated with a variety of closing 

language (mostly negatively worded language), suggesting the cases would not move further 

(insufficient evidence, unfounded, no papers, no leads). (See Figure 17 for trigram categories). 

Figure 16: Investigation Forwarded for Review Raw Results 
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Figure 17: Investigation Forwarded for Review Trigram Categories 
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Text classification Method 2 (CNB) highlights the mention of “suspect” and “forced,” 

aligning closely with Method 1’s results. (See Figure 18 for the top three most frequent unigrams 

resulting from Method 2). 

Figure 18: Investigation Forwarded for Review Text Classification Method 2 

 
Aim 3  

Aim 3 assesses: (a) whether sentiments in the responding officers' narratives are different 

in cases that Proceeded to Prosecution or not, and (b) how the phrases in the incident reports 

vary depending on whether the case Proceeded to Prosecution or not. Proceeded to Prosecution 

is defined as a binary variable indicating that a prosecutor “accepted” or charged the case. These 
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are the most successful cases in our study—those that made it the farthest in the criminal justice 

system.  

Aim 3 hypotheses: 

H3A: Sentiment analysis measures predict whether a case was successfully prosecuted—

more specifically, longer reports and those with more positive and less subjective 

sentiment Proceeded to Prosecution. 

H3B: Phrases in the reports vary depending on whether the case was successfully 

prosecuted—more specifically, reports that Proceeded to Prosecution have phrases that 

more positively describe the victim, thus potentially indicating less signaling.   

Aim 3: Sentiment Analysis Findings  
 

Table 9’s differences of means tests show that word count, polarity and sentiment varied 

for cases that Proceeded to Prosecution versus those that did not, but subjectivity is non-

significant. 

Table 9: Difference of Means for Sentiment Analysis Measures on Proceeded to Prosecution 

Outcome 

Sentiment Analysis 
Measures  

Proceeded to 
prosecution 
(n = 1,473) 

Did not proceed to 
prosecution 
 (n = 4,066) 

p value Cohen’s d 

  

 M SD M SD   
Word count 489.55 286.64 383.42 224.94 < .001 -.437 
Subjectivity  .252 .055 .252 .056 .984 .001 
Polarity -.002 .039 -.016 .036 < .001 -.377 
Sentiment  .004 .007 .002 .008 < .001 -.273 

 
In support of Aim 3 hypotheses, Models 2 and 3 in Table 10 establish that polarity and 

subjectivity scores predict whether a case Proceeded to Prosecution with strong goodness of fit 

metrics (very strong goodness of fit for sentiment and subjectivity, moderate for polarity). Cases 
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that proceed to this phase have more positive words/tone. Reports with more words, younger 

victims and cases with fully named suspects more frequently Proceeded to Prosecution. 

Table 10: Logistic Regression for Sentiment Scores on Proceeded to Prosecution Outcome 

 

Aim 3: Text Classification Findings 
 

The trigram categories with predictive value (positive, 1) for the Proceeded to 

Prosecution outcome indicate similar results to the Investigation Forwarded [for] Review 

outcome: (a) prosecutorial: presenting a case to the prosecutor, papers issued for rape, presenting 

a case to the grand jury, (b) suspect: arresting, charging and naming a suspect, (c) mentioning 

rape specifically and (d) investigative activity or additional forms. (See Figure 19 for raw 

results). 
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The inverse (negative, 0) trigrams of this outcome heavily emphasize actions that stall or 

stop a case from moving forward: (a) prosecutorial: no papers or no prosecution form, (b) 

investigative: no further leads, held in abeyance, unfounded complaint and (c) negatively worded 

victim references: not wish, did not. (See Figure 20 for trigram categories). 

Figure 19: Proceeded to Prosecution Raw Results 
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Figure 20: Proceeded to Prosecution Trigram Categories 

 

 

Text classification Method 2 (CNB) shows an interesting appearance of the word 

“stepfather” as a positive indicator of this outcome. This could suggest that cases where the 

suspect was a family member more often Proceeded to Prosecution. Also, the top word “her,” 

indicates mentioning a victim in the third person (e.g., “he did this to her” or “I asked her what 

happened” rather than “the victim states” or “she states”). This allows other party involvement to 

be a larger part of the narrative. In other words, the victim is the subject, not the object of the 

sentence. The reader gets a sense that the officer is asking questions, the suspect is performing an 

action on/to the victim or the victim is referring to themselves (“she said her vagina hurt”). See 

Figure 21 for a list of the top three most frequent trigrams (excluding stop words) under Method 

2 for both positive and negative results. 
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Figure 21: Proceeded to Prosecution Text Classification Method 2 

 

Additional Case Outcomes and Summary of Findings  

Sentiment Analysis for Additional Outcomes  
 

To aid in determining whether the sentiment analysis measures could help detect negative 

statements about a victim’s credibility, we also explored additional outcomes. These variables 

include cases that: stalled either at the investigation or prosecution phase (given the ambiguity of 

prosecutorial involvement), had explicit statements by responding officers disbelieving a 

victim’s statement, closed because of a lack of victim engagement with the investigation, were 

unfounded (investigation determined a crime did not occur) and included runaway victims. 

These additional outcomes were chosen because the literature suggests that negative statements 

about a victim’s credibility would most likely be present in these cases. In other words, if we 

find sentiment analysis measures predict these outcomes, then the existence and direction of 

these relationships provide insight into potentially signaling language. 

Table 11 summarizes the existence and direction of the relationships between the 

sentiment analysis measures and the study’s outcomes. The unsuccessful cases (Did Not 

Proceeded to Prosecution) and cases with the most negative opinions about the victim’s 

credibility all demonstrate more negative words/tone (negative polarity) and less subjectivity 

(fewer personal opinions/tone). The most successful cases have more positive opinions and more 

subjective tone/text. Additionally, when examining the additional case outcomes, subjectivity is 

not as predictive in any of the case outcomes where the victim’s [lack of] credibility should be 
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more prevalent. Lastly, Tables 12 through 15 present the findings for the covariate (word count), 

in each Model for each outcome. Less successful cases have fewer words in the incident report 

than more successful cases.  

Table 11: Summary of the Directional Relationships in the Logistic Regressions by Case 

Outcome 

 Directional Relationships in Logistic Regressions 

Case Outcomes Model 1: 
Sentiment 

Model 2: 
Polarity 

Model 3: 
Subjectivity 

Covariate: 
Word counta 

Investigative activity  
Investigation stalled +b - - - 
Investigation forwarded for review - - n.s. - 
Successful outcome  
Proceeded to prosecution + + + + 
Additional case outcomes  
Stalled at investigation or prosecution - - n.s. n.s. 
Victim not believed -  n.s. n.s. n.s. 
Victim no engagement - - n.s. - 
Unfounded - - n.s. - 
Runaway  n.s. n.s. n.s. n.s. 

Table 12: Logistic Regression for Sentiment Scores on Victim Not Believed Outcome 
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Table 13: Logistic Regression for Sentiment Scores on Victim No Engagement Outcome 
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Table 14: Logistic Regression for Sentiment Scores on Unfounded Outcome 
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Table 15: Logistic Regression for Sentiment Scores on Runaway Victim Outcome 

 

 
Text Classification for Additional Outcomes  
 
Unfounded 

The predictive value (positive, 1) trigrams for Unfounded cases reflect one key aspect of 

the relationship between unfounded cases and police reports—officers' mention of the lack of 

evidence in the case.  

The inverse (negative, 0) trigrams for these cases are saturated with procedural closing 

language, particularly exceptional cleanup or no further leads. Exceptional clean-up is frequently 

mentioned in these reports and can refer to several closing reasons. (See Figure 22 for raw results 

and Figure 23 for trigram categories). 

Figure 22: Unfounded Raw Results 
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Figure 23: Unfounded Trigram Categories 
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 Text Classification Method 2 (Multinomial Naive Bayes) shows an interesting finding 

with the predictive use of the word “only.” This may refer to the lack of evidence found in 

Method 1 (e.g., “she only remembers” or “only saw him”). This phrasing has a belittling or 

minimizing effect on the information present. (See Figure 24 for the top three most frequent 

word results from Method 2). 

Figure 24: Unfounded Text Classification Method 2 

 
 
 
Stalled 
 

The predictive value (positive, 1) trigrams for the Stalled [Investigation or Prosecution] 

outcome suggest many moving parts within this outcome’s report narratives. This could indicate 

that officers completed a variety of investigative work (asking the victim to view photos, 

interviewing the reporting person and/or sending a DNA sample to the Bureau of Criminal 

Investigation [BCI]), but the evidence was not sufficient, or the case was held in abeyance 

(stalled) until more evidence surfaced.  

The inverse (negative, 0) trigrams for this outcome (i.e., cases not stalled) lean heavily on 

victim involvement or action (or lack thereof). The trigrams emphasize things the victim did not 

do: (a) has not come forward, (b) is uncooperative, (c) does not wish to [insert action] and/or (d) 

is unwilling to cooperate. For the inverse of a case stalling, the reports leave the reader with two 

options. There was either prosecutorial involvement (grand jury, juvenile court, issued papers or 

no prosecution [if the victim has signed the form]), or the case hinged on the victim (she is not 
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willing, not available, not cooperative, does not want to come forward). See Figure 25 for raw 

results and Figure 26 for trigram categories. 

Figure 25: Stalled Raw Results 
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Figure 26: Stalled Trigram Categories 

 
Victim No Engagement 
 

The predictive value (positive, 1) trigrams for the Victim No Engagement outcome hinge 

heavily on victim action (or lack thereof). Even the investigative language mentioned actions the 

officer took to contact the victim (“attempts were made,” “letter was sent”). The remaining 

language emphasized what the victim lacked (“victim did not,” “not want to,” “uncooperative,” 

“unwilling,” “desire to prosecute”).  

The inverse (negative, 0) trigrams of this outcome (i.e., cases with victim engagement) 

indicate a flurry of activity including: (a) prosecutorial involvement, (b) statements taken, (c) 

possible DNA sample (BCI involvement), (d) what the victim did do (came to the office, came 

forward) and (e) suspect arrest. See Figure 27 for raw results and Figure 28 for trigram 

categories. 
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Figure 27: Victim No Engagement Raw Results 
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Figure 28: Victim No Engagement Trigram Categories 

 
 

Text Classification Method 2 (CNB) shows an unfortunate presence of words like 

“dumpster” and “drugs.” This could refer to a victim who is precariously housed, who struggles 

with addiction (even the use of the word “home” might mean phrases like “she does not have a 

home”) or raped near or around a dumpster. The implications hint at the fact that victims who 

come from difficult circumstances (unhoused, active addiction) may find it challenging to stay 

actively involved in their case. See Figure 29 for a list of the top three most frequent trigrams 

under Method 2 for both positive and negative results. 
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Figure 29: Victim No Engagement Text Classification Method 2 

 
 

Victim Not Believed/Victim Lied 
 

The predictive value (positive, 1) trigrams for the Victim Not Believed/Victim Lied 

outcomes speak volumes by their lack of specificity. Aside from the officer declaring the case 

unfounded, we see a few things, (a) mention of a friend or specific person, (b) specific use of 

“lied” and “not raped” and (c) dates or zone car number. Considering the small number of 

reports in this category, the trigrams are remarkably similar to one another and are vague. Aside 

from saying the victim lied, all the other language was either dates/numbers or closing language. 

This could suggest short, undetailed reports with few investigative activities, a finding supported 

in the word count analyses.  

The inverse (negative, 0) trigrams for this outcome show just the opposite—a variety of 

investigative and prosecutorial activities. This is also one of the few trigram results where a rape 

kit is frequently mentioned. The victim-oriented language is not in a negative form. Rather than 

“the victim did not,” we see “the victim went” and “victim stated.” See Figure 30 for raw results 

and Figure 31 for trigram categories. 
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Figure 30: Victim Not Believed/Victim Lied Raw Results 
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Figure 31: Victim Not Believed/Victim Lied Trigram Categories 

 

 

Text Classification Method 2 (CNB) has a surprising finding with “pain” as the top word 

appearing, far and above any other word. It is difficult to understand why the mention of pain 

would be predictive of a victim not being believed or perceived as lying. Researchers need to 

further investigate the content of these reports to understand this relationship. The frequency of 

the term “paid” could refer to prostitution. As researchers have learned in reading these reports, 

victims who lack credibility in criminal justice terms (e.g., “victim in known prostitute”—a 

direct quote, written as a factual statement in the reports) are less likely to be believed or to see 

their cases move forward. See Figure 32 for a list of the top three most frequent trigrams under 

Method 2 for both positive and negative results. 
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Figure 32: Victim Not Believed/Victim Lied Text Classification Method 2 

 

Runaway Victim 
 

The predictive value (positive, 1) trigrams for reports with a Runaway Victim: (a) use of 

the term “habitual,” (b) juvenile victims and/or (c) the victim is a missing person. The trigrams 

“sex with him” and “interference with custody” are unique to this outcome. “Sex with him” 

could suggest that the rape is referred to as consensual sex, or the victim had consensual sex with 

the suspect at some point prior to the rape. “Interference with custody” could suggest the victim 

or suspect is a minor, or the report mentions custody related to an arrest. The presence of 

numerous trigrams might suggest short reports with relatively few details.  

The inverse (negative, 0) trigrams for these cases (i.e., reports do not mention that the 

victim is a runaway) show heavy investigative activity: (a) officer and doctor involvement, (b) 

mention of a rape kit and BCI, (c) a named suspect and (d) victim action (active rather than 

passive). There are two trigrams that indicate urgency, “called the police” and “was approached 

by.” The first may be obvious (the police were called), but the second may refer to instances 

where police were approached by the victim, who then reported the rape shortly after escaping 

the assault. It may also refer to the suspect approaching the victim. See Figure 33 for raw results 

and Figure 34 for trigram categories. 
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Figure 33: Runaway Victim Raw Results 
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Figure 34: Runaway Victim Trigram Categories 

 
 
Aim 2 and 3: Human-Detected Sentiment Analysis 
 
 Below we present findings from hand coded, human-detected sentiment analysis of the 

reports, serving as qualitative validation of findings (Ignatow & Mihalcea, 2018), and providing 

a better understanding of the sentiment analyses. These reports were first categorized based on 

their high, median or low sentiment analysis ranked scores, and then selected at random.   

Highest Sentiment Analysis Scored Reports  
 
The highest sentiment analysis scored and human-coded summary table (Table 16) and 

word cloud (Figure 35) indicate that police reports written with more positive and subjective 

statements concerning details of the case and the victim often Proceeded to Prosecution. 
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These higher sentiment score cases most often involved male perpetrators who are well-known 

to the victim (e.g., dad, husband, boyfriend, bus driver). Word counts are near the average (~400 

words), and additional (often seemingly unnecessary) details about the victim are not included 

(e.g., neurodiversity status “victim has ADHD and is off their medication”).  

Table 16: Hand-Detected Sentiment Analysis: Highest Sentiment Analysis Scored Reports 

Score Victim 
Characteristic 

Perpetrator 
Characteristic Year Word 

Count Coded Words 

Highest Subjectivity (more subjective) 

.532 Black, Female, 
30s, Mother 

Victim’s 
Boyfriend,  
Father to 

Victim’s Kids 

2009 371 

Grand Jury, Violent, Death 
Threats, Domestic Violence, 

Forced, Named Suspect, 
Fear, Controlling, Vaginal 
Rape, Beaten, Harassment, 

Papers Filed, Suspect 
Charged 

.499 Black, Female, 
Juvenile Victim’s Dad 2006 276 

Caught in Act, Father Raped 
Daughter for Three Years, 

Named Suspect, Grand Jury 
Highest Polarity (more positivity)  

.197 Black, Female, 
20s, Mother 

Victim’s 
Friend 2004 312 

Witnesses, Condom 
Evidence, Grand Jury, 

Drinking, Named Suspect 

.175 Black, Female, 
Juvenile 

Victim’s Bus 
Driver 1993 198 Sixth Grade Student, Named 

Suspect, Grand Jury 
Highest Overall Sentiment (overall more positive tone) 

.034 White, 
Female, 20s 

Victim’s 
Friend 2006 280 

Republican National 
Convention, Drinking, Felt 
Sick, Unconscious, Named 

Suspect, Grand Jury, 
Indictment 

.032 Black, Female, 
50s 

Victim’s 
Friend 1994 60 

Drinking, Forced, Asleep, 
Evidence, Papers Issued, 
Named Suspect, Suspect 

Charged 
 
 Below are two illustrative examples from the narratives of the high sentiment analysis 

scored reports and a word cloud of the qualitative coding:  
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“. . . the named suspect now began calling, threatening to burn the house 
down with her and the kids inside while they sleep tonight. Victim states that 
the named suspect has called at least 10 times today with these threats of 
killing her. Victim explains that she is scared to death of the named suspect, 
who has a key to the house and fears the worst from the extremely violent, 
possessive, controlling and unpredictable named suspect.” 
 
“Victim states allowing the suspect to stay overnight due to his drunkenness. 
During the night, at the above times, the suspect forced himself on top of the 
victim and had sexual intercourse without her permission.” 

 
Figure 35: Highest Sentiment Scores Word Cloud 

 
 
 
Median Sentiment Analysis Scored Reports  
 

The median sentiment analysis scored and human-coded summary table (Table 17) 

and word cloud (Figure 36) indicate that these police reports were written with a more 

neutral, factual tone in terms of opinion and objectivity. The word cloud for the six median 

sentiment-scored reports reveals that these “neutral” reports often involve Black, juvenile 

victims, who are described as being uncooperative, unruly and/or runaways. These reports most 

often involved perpetrators who are adjacent to the victim (e.g., a family friend, employer’s 

boyfriend, school mates). While the scores indicate neutrality, many of these cases Did not 

Proceed to Prosecution, the named suspects were canceled and no papers were issued.  

This resource was prepared by the author(s) using Federal funds provided by the U.S. 
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Table 17: Hand-Detected Sentiment Analysis: Median Sentiment Analysis Scored Reports 

Score Victim 
Characteristic 

Perpetrator 
Characteristic Year Word 

Count Coded Words 

Median Subjectivity  

.248 Black, Female, 
Juvenile 

Victim’s 
Mother’s 

Friend 
1994 305 

Death Threat, Named 
Suspect, Anal Rape, Vaginal 

Rape, Mentally Disabled, 
Drug Use, No Signs of 

Trauma, No Further 
Investigative Leads, Cancel 

Named Suspect 

.248 Black, Female, 
Juvenile Victim’s Father 1993 207 

Named Suspect, Victim Was 
A Toddler, Parental 
Visitation, Divorce, 

Evidence, No Arrests, 
Cancel Named Suspect 

Median Polarity 

-.015 Black, Female, 
Juvenile 

Boss’s 
Boyfriend 1994 232 

Named Suspect, Took 
Shower & Washed Clothes, 
Watched TV With Suspect 
After Assault, Unfounded, 
Cancel Named Suspect, No 

Papers 

-.015 Black, Female, 
Juvenile 

Victim’s 
Friend 1995 453 

Park/Playground, Smoking, 
Forced, Violent, Witnesses, 

Evidence of Assault, No 
Arrest, Uncooperative 

Victim, No Further 
Investigative Leads 

Median Overall Sentiment 

.002 White, 
Female, 20s 

Two Suspects 
Met at A Bar 1998 760 

Started Consensual, 
Drinking, Suspects Fled, 

Uncooperative Victim, No 
Further Investigative Leads  

.002 Black, Female, 
Juvenile  

Gang Rape 
School Mates 1994 399 

Outside, Parking Lot, Gang 
Rape, Vaginal Rape, Forced, 

Violent, Runaway, Liar, 
Unruly, Behavioral 

Problems, No Evidence 
 

Below are some illustrative examples from the narratives of the median sentiment 

analysis scored reports and the word cloud of the coding: 
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“Victim’s mother stated that the victim is not telling the truth, and that she 
does not know the named suspect . . . victim is mentally retarded and states 
that she had been raped by the (named suspect) in 1992. Does not want to live 
with her mother due to heavy cocaine use. Conferred with doctor, no signs of 
trauma.” 
 
“The named suspect then started to kiss the victim and removed the victim's 
pants and underwear. The named suspect then removed his pants and had 
sexual intercourse with the victim. Victim does not know if the named suspect 
used a condom or ejaculated inside the victim. The named suspect did 
penetrate the victim. After sexual intercourse, both the victim and named 
suspect watched television until victim’s boss came home and paid the victim 
for babysitting.” 
 
“Victim states she was attracted to offender #1 and they began kissing each 
other. Offender #1 then walked victim to the men's room where he began 
pulling her top off and then began feeling her breasts. At this time offender #1 
pulled off victim's top and began unbuttoning victim's pants. Victim states at 
this time she told offender #1 ‘no it is going too far’ and that she wanted to go 
upstairs.” 
 
“Reporting person indicates ‘this is the 4th or 5th rape that her daughter has 
reported.’ Reporting person also states her daughter is constantly running away, 
making up stories and is "one messed up kid." Reporting person further states her 
daughter is involved with juvenile court and various counselors to try to get her 
behavioral problems straightened out.” 
 

Figure 36: Median Sentiment Analysis Scores Word Cloud 
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Lowest Sentiment Analysis Scored Reports  
 
The lowest sentiment analysis scored and human-coded summary table (Table 18) and 

word cloud (Figure 37) indicate that these reports are more objective and more negative. These 

six reports frequently mention unruly juvenile victims and those with mental health issues, and 

tend to include sentences that discuss a lack of evidence (e.g., “no signs of physical trauma,” “no 

signs of assault”) and what the victim unable to do (e.g., “victim was unable,” “victim could not 

remember”), and actual psychological diagnoses of the victims. Additionally, these reports 

involve perpetrators who are more distantly connected to the victims (e.g., acquaintances or 

completely unknown), and the cases ended with no papers being issued or unfounded 

complaints.  
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Table 18: Hand-Detected Sentiment Analysis: Low Sentiment Analysis Scored Reports 

Score Victim 
Characteristic 

Perpetrator 
Characteristic Year Word 

Count Coded Words 

Lowest Subjectivity (more objective) 

.111 White, Female, 
20s 

Victim’s 
Friend 2005 146 

Drinking, Drugs, Clubbing, 
Unconscious, Passed Out, 

Named Suspect, Suspect Fled, 
Cancel Named Suspect, 
Unfounded, No Papers 

.116 Black, Female, 
Juvenile 

Victim’s 
Caregiver 2001 256 

Raped for Misbehaving, 
Violent, Hit, Vaginal Rape, 

No Signs of Trauma or 
Assault 

Lowest Polarity (more negativity)  

-.125 Black, Female, 
Juvenile 

Two Unknown 
Suspects 2002 248 

Consensual Sex for Drugs, 
Case Worker, Mental Health 

Issues, PTSD, Catatonic, 
Unable to Communicate, 

Back Alley, Psychotic 
Disorder, Uncooperative, No 

Papers, No Further 
Investigative Leads 

-.118 
Hispanic, 
Female, 
Juvenile 

Family Friend 2002 562 
Runaway, Unruly, Detention 

Center, Named Suspect, 
Drinking, Missing Juvenile 

Lowest Overall Sentiment (overall more negative tone) 

-.023 Black, Female, 
Juvenile 

Two Unknown 
Suspects 2002 749 

Legal Guardian, RTA Bus, 
Parking Lot, Death Threat, 
Force, Violent, Abandon 
Building, Vaginal Rape, 

Evidence of Trauma, Court 
Mandated Counseling, 

Skipping School, No Papers, 
Insufficient Evidence 

-.021 White, Female, 
30s 

Unknown 
Male 2005 383 

Paranoid Schizophrenia, 
Delusional, Primary 

Degenerative Dementia, No 
Sign of Trauma, Made Same 
Claim Before, No Evidence 

of Trauma, Unfounded 
Complaint 
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Below are some illustrative examples from the narratives of the lowest sentiment analysis 

scored reports: 

“. . . the victim gave a written statement and she didn't know what the suspect 
did because she had drank alcohol and took valiums.” 
 
“We conferred with the ER doctors who stated that there were no signs of 
trauma in victim’s vagina. Also, no visible signs of an assault on victim’s 
back.” 
 
“Reporting person further stated that victim is known to have consensual sex 
for drugs in the past. Reporting person states that victim demeanor changed 
on Tuesday morning and asked her if she was raped, and she just shook her 
head “yes.” Victim’s clothes were washed, and she showered before going to 
the hospital. Witness states she saw two black males going in back alley with 
victim and she checked on victim about 10 minutes later and saw the two 
males have sex with victim, but witness states that victim was not struggling 
with males, and it seemed like consensual sex. Victim was unable to speak 
with us because she suffers from post-traumatic stress disorder and was in a 
semi-catatonic state. Victim was unable to answer any questions.” 
 
“The reporting person stated that victim has made the same type of complaint 
in the past and that the victim suffers from paranoid schizophrenia, is 
delusional and has primary degenerative dementia among other things. We 
then talked to the victim who at first did not remember the incident ...” 
 

Figure 37: Lowest Sentiment Analysis Scores Word Cloud 
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Discussion 
 

By exploring the first step in the investigative process, the purpose of this study was to 

identify signaling in narratives of police officers’ rape reports that affected case outcomes. 

Signaling, in this context, is defined as information conveyed by responding officers in the 

narratives of police reports, negatively referencing a victim's credibility. Signaling was examined 

with the use of machine learning technology—specifically natural language processes, namely 

sentiment analyses and text classification. To the best of our knowledge, no previous research has 

attempted to define, document and quantify signaling and its impact on investigative and 

prosecutorial outcomes using machine learning technology. This study contributes to our 

knowledge of case flow and attrition in reported rape cases while at the same time expanding the 

methodological tools available to researchers. Machine learning technology allows us to leverage 

the nuance of qualitative research on a scale previously seen only in quantitative assessments.  

In this project, we explored whether sentiment—opinion and subjectivity—can be 

detected in incident reports that were theoretically supposed to contain pertinent facts. If detected, 

what was the nature of the phrases, sentiments and subjectivity contained in the reports? The 

results indicate that signaling could be detected in these rape reports with the use of machine 

learning technologies, but it was not quite what was expected. 

We hypothesized and found that these reports do have a low but significant level of 

sentiment that tends to skew slightly negative (not surprising given that the subject matter is 

rape) with higher levels of subjectivity. The reports are remarkably stable over time in the degree 

of sentiment (with a slight uptick in the early 2000s) and word count (with an average of around 

415 words in the incident report). We also hypothesized that if detected, negative sentiment and 

positive subjectivity in the reports would speak to the responding officers’ signaling about a 
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victim’s credibility. We further supposed that the reports connected to the most successful cases 

would be those with “the most pertinent facts”—in other words, neutral and/or non-significant 

sentiment. Lastly, we expected that the longer reports would be associated with more positive 

outcomes and associated with victims, who traditionally have less criminal justice credibility 

issues.  

However, the predictive nature of the sentiment contained in these reports is a bit 

different than expected. Our findings indicate that the most successful cases have positive 

sentiment and positive subjectivity. In the cases where signaling was expected to be most 

prevalent (cases that were unfounded, with explicit statements about victims lying, runaway 

victims, etc.), we find negative sentiment and (mostly) non-significant subjectivity. A human 

review of the reports with low sentiment scores and more negative polarity indicates that the 

low/negative scores are likely an indicator of the “no’s” (“victim did not know,” “victim was 

unable to recall,” “no signal of trauma”), but predictive phrases also entail the words that 

describe how “bad” the rapes were (e.g., “the named suspect now began calling, threatening to 

burn the house down with her and the kids inside while they sleep tonight”).  

Our word count findings are as hypothesized. We found that longer reports are highly 

predictive of more investigative activity and successful outcomes. Victims with traditionally 

fewer criminal justice credibility issues had longer incident reports. As mentioned in the 

literature review, victim credibility issues can be complicated and intersectional, but in this study 

include: race/ethnicity, being an adolescent, being a runaway, having an unfounded case and/or 

not believed, not remaining engaged or having one’s criminal history mentioned in the report. In 

the analyses presented here, we are unable to determine if the shorter reports are directly tied to 
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these credibility issues, or more indirectly via an unmeasured mediating or moderating 

relationships. Future analyses could dissect the direct versus indirect nature of this finding.  

The text classification analyses indicate the highly structural and procedural nature of 

rape reports and the difficulty in getting beyond all the procedural words to get at the “meatier” 

words that might indicate signaling. The most predictive trigrams for the cases that Did Not 

Proceed to Prosecution were connected to what the officers/prosecutors did, the procedural 

language around why/how the case was closed or what the victims did or did not do, say or 

know. Interestingly, the successful cases were those where officers were more inclined to use the 

term “rape,” “unlawful” and the criminal state statute number for rape—a signal indicating a 

victim’s credibility. The categories of phrases are similar for cases that were Forwarded for 

Prosecutorial Review (= 1) and Proceeded to Prosecution (= 1) (despite the signs for the 

sentiment analysis measures switching from negative to positive). These phrases do not 

sufficiently speak to signaling about a victim’s credibility. However, given how structured the 

text was in the rape reports, the more informative data in trigrams comes from comparing the 

predictive (positive, 1) to the inverse (negative, 0) for each outcome to detect which trigrams 

were and were not in the reports. The more successful cases (Proceeded to Prosecution—a 

relatively low bar for success) include details of the procedures that were followed and activities 

that occurred. The victim references/preferences are not as predictive (and perhaps engagement 

is implied because the case proceeded). Using a different method (CNB) for text classification 

produced interesting unigrams that need further exploration, like “stepfather” and “her” for cases 

that Proceeded to Prosecution and “pain” and “paid” for Victim Not Believed/Victim Lied cases. 

These findings have several important implications for best practice. First, best practice 

should include writing detailed, lengthy reports. The length of the report is likely one of the most 
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reliable indicators of signaling. “Three-finger reports” is how a retired police chief and advisory 

board member for this grant said particularly terse reports are referred to among some officers—

or the length of three finger salute or pledge turned horizontal (for a visual, think a “scouts” 

salute or pledge, where the palm is facing out, the thumb is holding down the little finger, fingers 

pressed together, not spread apart, but instead of vertical, the hand is turned horizontally). 

Officers are signaling information about a victim’s credibility not by providing strong, 

opinionated statements, but by stating very little (via sentiment analyses), vaguely and without 

much from the victim’s perspective (via text classification).    

Second, counter to what we expected, best practice should entail writing reports that do 

not include “just the facts.” The negatively worded reports that described what the victim did not 

know, do or say (“victim does not know if the named suspect used a condom or ejaculated inside 

the victim”), and the neutrally worded, factually-dense reports (“victim is a habitual runaway” or 

“named suspect then removed his pants and had sexual intercourse with the victim”) failed to 

capture or convey the extent of the trauma of rape. Negatively and/or neutrally worded reports 

also did not include the victim’s perspective of the event—positive subjectivity—just that the 

victim stated that the event occurred.  

Third, best practice should work to minimize the number of unqualified statements and 

observations, especially in reference to the victim. In the qualitative coding discussed here, we 

found many unqualified statements, often factually written. In returning to our examples 

discussed in the literature review of human-detected examples of signaling in the investigations:  

(a) “…observed no bruises, contusions on the female nor were her clothes 

disheveled. At times during the interview she smirked as if it was funny, but she 

did show signs that she was in pain or discomfort.” 
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(b) “Juvenile has had sex in the past. Rape kit to be completed. Reporting person 

advised to obtain further information on [suspect]. Full intercourse per juvenile.”  

(c) “Victim is a known prostitute and crack cocaine abuser.” 

Those are mainly factually written, unqualified statements, by the officers. The report writer does 

not provide detail as to why there were no bruises and disheveled clothes, why a victim’s prior 

sexual history or being “known prostitute” are mentioned or relevant. It is possible that the 

victims mentioned this as being a key aspect of rape, that the sexual contact happened within the 

last 72 hours or that there was additional vaginal sexual contact with a consent partner in the last 

72 hours (important information in rape kit cases) in the interview with officers, and this 

information did not get captured in the reports. However, without that important next statement 

qualifying why the factual statement is pertinent to the investigation, a human likely reads this as 

signaling—disbelieving the victim’s statements and/or blaming a victim for what happened to 

them. Our findings indicate that the computer does this too, but differently (e.g., 

neutral/negative, without detail, without the victim’s perspective), and with different 

implications, as discussed below.  

Fourth, best practice necessitates the victims be strongly centered in the rape report, but 

not just what happened to them or what they did not do or remember (Archambault et al., 2020). 

Instead, what was the rape like (in as much detail as possible)? How did they feel? What do they 

remember thinking, hearing, smelling, tasting, etc.? For example (as referenced above), “victim 

explains that she is scared to death of the named suspect, who has a key to the house and fears 

the worst from the extremely violent, possessive, controlling and unpredictable named suspect.” 

Almost all incident reports were from the victim’s perspective. Information on, about and from 

the suspects are notably absent from the data and findings—indirectly and tangentially 
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mentioned (“arrested male was,” “male was charged”). This, despite the events described in the 

reports, is a direct result of the suspect’s actions. Thus, the detected subjectivity contained in the 

reports is less about the officers’ and suspects’ subjective statements, and more about the 

victim’s subjective statements—their perspective and description of what happened to them. 

Thus, our finding that more successful reports include more subjective statements speaks to the 

extent to which the victim is centered or personalized in the reports. There is one important 

caveat to this practice. Research suggests that when victims are written as the subjects/actors in 

these statements, victims are more likely to be seen as being responsible for what happened to 

them via victim-blaming and rape myth acceptance increases (Niemi & Young, 2016). 

Therefore, victim-centered reports where the victims are described as subjects in the 

action/sentence (the actor) might be less preferable to reports where victims are recipients of the 

action (objects in the sentence, acted upon). For example (as referenced above), “the named 

suspect then started to kiss the victim and removed the victim’s pants and underwear. The named 

suspect then removed his pants and had sexual intercourse with the victim.” 

 Fifth, best practice requires providing better support to victims throughout the entire 

criminal justice process—even before the report is written. Our findings also speak to what prior 

research from a subset of these data has found: despite victim credibility issues, cases that fail to 

progress in the criminal justice process are those where the victim is not engaged in the process, 

and where there is an unknown suspect—termed the bureaucratic burden (Lovell, Overman, et 

al., 2020). These two factors were highly predictive in our analyses. These are highly 

bureaucratic processes necessary for most criminal cases to progress, as the investigative phase is 

where most rape cases fail to proceed (Lovell, Overman, et al., 2020; Morabito, Williams, et al., 

2019)—even before taking a formal statement from the victim or suspect. The merits of the case 
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are often placed on a traumatized victim right after the rape. Victims are expected to recall and 

provide a strong and consistent account of events before additional investigative activities are 

undertaken. Before effort is expended on the investigation, victims need to demonstrate they will 

remain engaged (e.g., “she has to prove she wants this… then I’ll take a look” [R. Campbell & 

Fehler-Cabral, 2018]) and can name their offender. These two factors will likely advance a case 

to prosecutorial review, even if the report has few words and/or negative statements about a 

victim. In other words, the wording in the report and the victim’s credibility issues become more 

salient once engagement and suspect identification have been rectified.  

Finally, best practice entails placing a greater priority on improving report writing. More 

detailed and accurate incident reports are vital for the entire criminal justice process, from 

investigations (Strom, Markey, Feeney, & Scott, 2022), to testing of forensic evidence (Lopez-

Jauffret, 2022) and to prosecution (Long et al., 2022). More trauma-informed, victim-centered 

report writing has the potential to improve the entire criminal justice process—improving the 

interpersonal engagement officers have with victims (Campbell & Raja, 1999), which increases 

the likelihood of victim engagement in investigations and prosecutions, which increases the 

likelihood of successful prosecutions, which serves to make our communities safer (Luminais, et 

al., 2020). Additionally, research also supports that changing the way one writes influences the 

way one thinks (Hofmann, 1993). Ensuring the responding officers, often the most untrained in 

trauma-informed practices, write in more trauma-informed, victim-centered ways can not only 

produce better reports—a vital component in the investigation and prosecution of a crime—but 

also improve their perceptions and treatment of victims. Trauma-informed, victim-centered 

writing entails writing from the perspective of believing what a victim says about being raped, 
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until the information leads you to believe otherwise, instead of starting from the perspective of 

not believing or blaming a victim (McGuire et al., 2022).    

In summary, we set out to assess whether we can teach a computer to detect “signaling” 

or innuendo about a victim’s credibility in incident reports of rape. The findings indicate that, 

yes, we can teach a computer to do this, but what the computer is able to pick up using the 

techniques employed here often takes the form of effort on the part of the officer (length of the 

report), the actions and engagement of the victim (sentiment and polarity) and the 

personalization and centering of the victim (subjectivity). The text classification findings support 

the sentiment analyses by providing context to the findings and specific, predictive phases. 

Below, next steps are detailed as to how this information can be further applied and expanded. 

Limitations and Future Directions 

There are several factors that limit the generalizability of these findings. First, these data 

are derived from one large, urban, Midwestern police department in the United States, which 

might not reflect all jurisdictions. Second, our data are also limited to rapes that include sexual 

assault kits (SAKs). While there is limited research on how rapes with SAKs compare to those 

without, we know that over 50% of all rapes reported to CDP included a SAK from 1993 through 

2009 (Lovell & Dissell, 2021), and are disproportionally connected to “stranger” rapes (Lovell, 

et al., 2022). These data may not be representative of most recent rapes (post-2012) with SAKs. 

Third, the data are from the official documentation of the crime as written by officers, which 

presents issues of variation in report writing from officer to officer, missing or inaccurate 

information contained in the reports and information not being provided directly by the victims. 

Fourth, our data are skewed toward capturing what is present rather than what is not present in 

the reports, although this is true for all research that relies on criminal justice administrative 
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documentation. Lastly, our findings are limited to the potential signaling of a responding officer 

to an investigator, with the acknowledgment that other actors within the criminal justice system 

also play an important role in attrition and criminal adjudication. The reports do not often denote 

information about any interactions or conversations between the other actors within the system, 

or additional information about the crime not contained in the reports, which also may contribute 

to the decision to proceed or not. 

In terms of future directions, these research findings signify the need for a crime 

dictionary or lexicon, ideally one that is rape-specific, to provide information on signaling words 

and phrases. The open-source dictionary, applied and used broadly in sentiment analysis, is 

general-use lexicon. These dictionaries represent what is currently available for sentiment 

analyses but are not an ideal fit for criminal justice data. To that end, as a deliverable for this 

award, we have developed an open-source lexicon specific to these data. More research is needed 

to further refine potentially signaling words in rape reports, which can be added to the open-

source lexicon. Additionally, the two methods for text classification produced vastly different 

results, despite Method 1 only producing marginally improved metrics. This suggests more 

research is needed to explore these methods in greater detail.    

Turning the pdfs into text reports was the most time consuming and difficult aspect of 

this project, which is likely a major contributing factor as to why this type of research is rare in 

criminology research. The criminal justice field is an extremely text-heavy field (which is great 

for this type of research), and although most criminal justice entities now have electronic case 

management systems, digitized text lay stagnant as pdf “pictures” in electronic file folders. This 

format means that the text is not easily searchable and requires a person to examine documents 

one at a time for each potential inquiry. The discussed results demonstrate the need for criminal 
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justice practitioners to have case files that are “living,” dynamic documents that can be searched 

and examined easily (Lovell, Williamson, et al. 2022). To be more engaged with the important 

information contained in police reports, criminal justice practitioners need technological tools to 

interact with their textual data. These tools include: a software program that helps automate the 

pdf-to-text conversion and cleaning, and another program that aids in the practitioner interfacing 

with the data (so that the text is not in one massive word processing document or spreadsheet). 

Future technological advances in law enforcement should include advancements in the 

accessibility and degree of interaction with criminal justice information.  

Conclusion 

Overall, regarding the presence and nature of sentiment in the incident reports, we found 

support for H1A and H1B. We detected sentiment in the reports, which tended to skew near 

neutral/slightly negative and more subjective. The detected sentiment was also predictive across 

several victim and suspect characteristics and case outcomes. However, overall, these incident 

reports of rape did not contain high levels of sentiment and had not changed much in their level 

of sentiment or length over the decades. When examining the characteristics of the victims, 

suspects and the cases that were most likely to include statements about a victim’s credibility 

(unfounded, victim not engaged and victim not believed), we found that the reports with fewer 

words and whose words were more negative and subjective tended to be those associated with 

Black victims (compared to non-Black victims, which in this sample means almost all were 

White victims), and cases where the suspects were not fully named (thus, stranger or near-

strangers to the victims). Reports where the suspects were not fully named have, on average, 100 

fewer words. Unfounded cases and cases closed because of a lack of victim engagement had 

fewer words and were more negatively worded. Interestingly, this pattern did not hold in the 
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reports where officers explicitly stated that victims were not believed (likely written in a more 

factual tone), although these cases still had more negative sentiment than cases where there were 

no explicit statements doubting victims. In terms of the reports and the demographics of victims, 

younger victims’ reports had more words. Age of victim, when expressed as a continuous 

measure, indicated no relationship with the sentiment analysis measures. When age was grouped, 

the only grouped mean differences were for victims who were under 13 years of age—their 

reports were more subjective and more positive than victims who were over 13 years of age. 

We also found partial support for H2A. We hypothesized that shorter reports with more 

negative and more subjective tone would be stalled earlier in the process. However, incident 

reports connected to Investigation Stalled were shorter by an average of 61 words (as predicted), 

with more negative (as predicted) and less subjective words (not as predicted). Incident reports 

connected to cases with more investigative activity, Investigation Forwarded for Prosecutorial 

Review, were 99 words shorter than those that progressed further (as predicted), with more 

negative (as predicted) and non-significant subjectivity (not as predicted).  

As for H2B, we hypothesized and found that the phrases would be different in reports 

where the cases stalled earlier in the process. The trigrams most predictive for Investigation 

Stalled (= 1) mentioned prosecutorial involvement, likely indicating the “slippery slope” of 

prosecutorial conferment of cases. By comparison, the phrases most predictive were the cases 

where the Investigations Not Stalled (= 0) more frequently mentioned the actions of the victims 

and the assigned detective, followed by phrases related to investigative leads, or lack thereof. 

The phrases most predictive for Investigation Forwarded for Prosecutorial Review (= 1) 

mentioned, as expected, prosecutorial involvement; arresting, charging or naming a suspect; 

phrases related to the rape and use of the term specifically; and additional investigative activity 
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or forms. By comparison, the phrases most predictive in the cases where Investigations Not 

Forwarded for Prosecutorial Review (= 0) mentioned the actions of the victims and the assigned 

detective, followed by trigrams related to investigative leads, or lack thereof. 

We also found partial support for H3A. We hypothesized that the most successful cases, 

which were also those cases with the most activity, were those that had more words and positive 

sentiment, and less subjectivity, i.e., a more neutral, factual tone. However, our findings 

indicated that the most successful cases had, on average, 106 more words than those that stalled 

earlier (as predicted), are more positive (as predicted) and more subjective (not as predicted). In 

further support of this finding, reports that logically should have had the most amount of 

signaling because they contained explicit statements doubting and/or unfounding a victim’s 

account, or where victims did not engage with the investigation, had more negative and less 

subjective text.  

As for H2B, we hypothesized and found that the phrases were different in reports where 

the cases were the most successful. The phrases most predictive for Proceeded to Prosecution (= 

1) mentioned prosecutorial involvement; arresting, charging or naming a suspect; trigrams 

related to the rape specifically and additional investigative activity or forms. These phrases were 

similar to those in Investigation Forwarded for Prosecutorial Review. The trigrams most 

predictive in the cases that Did Not Proceed to Prosecution (= 0) heavily emphasized actions that 

stall or stop a case from moving forward, such as prosecutorial decline, lack of investigative 

leads and negatively worded victim references/preferences. Using another text classification 

method (Method 2), the most predictive unigrams included the word “stepfather” and “her.” This 

potentially indicates that cases in which the suspect was the victim’s stepfather, and cases in 

which the victim was mentioned in the third person, or as the recipient of the rape/action, more 
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often lead to prosecution. The most predictive trigrams in the cases that should have had the 

most signaling language (e.g., unfounded, victim not believed) were almost all connected to 

procedural closing language, or lack of victim action/preference for not wanting to remain 

engaged. Of note, in cases where Victim Not Believed/Lied, reports lacked specificity and had 

trigrams with references to witnesses, friends or other specific persons such as mothers—not 

seen in the other outcomes. In other words, these reports were short, undetailed and contained 

little investigative activity. In the runaway cases, the trigrams were different from the other 

cases. They included the terms habitual, juvenile and missing persons. As with cases where 

victims were not believed, trigrams related to witnesses, friends or other involved persons were 

mentioned and were short, with relatively few details. The trigrams “sex with him” and 

“interference with custody” appeared for the first time with these cases. Lastly, to help provide a 

contextual understanding of the sentiment analysis scores, we qualitatively hand coded 18 

reports—six with high sentiment scoring, six with median sentiment scoring and six with low 

sentiment scoring. The findings support our quantitative interpretation of the sentiment and text 

classification analyses. The reports with the highest sentiment scoring, Proceeded to 

Prosecution, involved perpetrators who were well-known to victims and were written with more 

positive statements that included subjective statements about and from the victims (e.g., what the 

victim did or said, what was done to the victim), and did not often include seemingly 

unnecessary details about the victim.  
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Appendix B 
 

Open-Source Lexicon for NLP with Rape Reports 
 
Website: https://sites.google.com/view/nlp-for-rape-reports/  
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Appendix D 
 

Artifacts 
 

Dissemination Activities  
 

In the dissemination plan, we proposed a four prong-approach including: 
 
(1) Planned Scholarly Products 

a. Peer-Review Publications 

i. We have not yet disseminated any findings from this funded project in the 

scholarly literature; however, we have outlines for several papers based 

on this final report.   

b. Presentations 

i. Lovell, R. E. How DNA testing and machine learning technology is 

informing and improving policy practices. 2020 American Association 

for the Advancement of Science Annual Conference, Seattle, WA, 

February 14, 2020. (Funded by the National Institute of Justice AAAS 

Fellow’s program.)  

ii. Lovell, R. E. Using machine learning technology to detect “signaling” 

language regarding victim’s credibility in sexual assault police reports. 

CSU T.E.C.H. Hub Brown Bag. Cleveland State University, Cleveland, 

Ohio. November 9, 2021.  

iii. Lovell, R. E. Assessing Sentiment in rape reporting using natural 

language processing. 2022 American Society of Criminology Annual 

Conference, Atlanta, GA. November 17, 2022.  
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(2) Research Briefs 

Given the need to enter in the front sheet data towards the end of the project, we were 

unable to disseminate any research briefs during the grant period, but Appendix A and 

Appendix D will be reformatted into a public brief, and posted on the project’s website 

(Appendix C), aimed at a broad audience.  

(3)  Practitioners’ Conferences  

a. Derrick, A. & Flannery, D.J. The case of Albert Ayala and why every sexual 

assault kit must be tested. 2022 Annual Crimes Against Women Conference, 

Dallas, TX. May 23, 2022.  

b. Lovell, R.E. & Klingenstein, J. What’s hiding in the text? Analyzing sexual 

assault police report narrative for signaling. Annual End Violence Against 

Women International Conference, Chicago, IL. April 13, 2023. (Proposal 

accepted, no grant funds used for this presentation.).  

(4) Protocols 

a. Appendix A through D serve as open-source toolkits.  

b. The website provided in Appendix C and the archived datasets in the National 

Archive of Criminal Justice Data  (NACJD) from this project allow for the 

replication and adaptation of the methodology and findings. 

Archived data 

 The text of the reports, along with the variables included in Table 1 and 2 and the 

corresponding codebook have been submitted to NACJD. 
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