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Abstract

Background: Electronic health records (EHRs) underpin clinical documentation, disease classification and health reporting, but
little is known about their adoption in tertiary hospitals in North-East Nigeria or about the views of the staff who manage them.
This study assessed the level of EHR adoption among health information management (HIM) officers and information and
communication technology (ICT) personnel and identified factors associated with high adoption. Methods: A cross-sectional
survey was conducted in three tertiary teaching hospitals in Yola, Bauchi and Maiduguri. Staff were selected by proportionate
stratified sampling (target 486, Cochran’s formula). A structured questionnaire measured adoption with 15 five-point items in
five domains (availability, functional maturity, compatibility with the International Classification of Diseases, 11th Revision
(ICD-11), interoperability, user proficiency); a score above 70% of the maximum was classed as high adoption. Data were
analysed with chi-square tests and binary logistic regression in SPSS version 27. Results: Of 486 questionnaires, 475 were
analysed (response rate 97.7%): 373 from HIM officers and 102 from ICT personnel. The mean adoption score was 3.77 (standard
deviation [SD] 0.84) out of 5, and 74.9% (95% confidence interval [CI] 70.9-78.6) were high adopters (HIM 74.0%, ICT 78.4%,
p = 0.359). ICD-11 compatibility was the lowest-scoring domain in both groups. High adoption was reported by 90.6% of
respondents in Yola, 67.1% in Bauchi and 73.4% in Maiduguri (p < 0.001). After adjustment, high adoption was less likely in
Bauchi (adjusted odds ratio [AOR] 0.18; 95% CI 0.08-0.38) and Maiduguri (AOR 0.23; 0.11-0.48) than in Yola, and more likely
among middle-status respondents (AOR 3.19; 1.49-6.81) and those with 11 or more years of experience (AOR 2.94 and 3.01);
odds fell with age (AOR 0.96 per year; 0.93-0.99). Professional group was not associated with adoption. Conclusion: Reported
EHR adoption is high among HIM and ICT staff but differs markedly between hospitals, and readiness for ICD-11 is the weakest
dimension. Hospital-specific support and ICD-11-oriented system configuration should be prioritised; the findings reflect staff
perceptions and need confirmation by system audits.
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1. Introduction

Digital technologies have become central to how health sys-
tems collect, store and use information. Electronic health rec-
ords (EHRs) are among the most consequential of these tools.
They replace paper charts with structured digital records that
can be searched, shared and analysed, and they provide the
platform on which clinical documentation, diagnostic classifi-
cation and routine health reporting increasingly depend [1]. A
systematic review and meta-analysis of 47 studies found that
EHR use reduced documentation time and medication errors
and improved adherence to clinical guidelines, and a review
of five Nigerian studies reported better data quality after elec-
tronic medical records were introduced [2, 3]. Digital health
technologies are also regarded as an enabler of universal
health coverage in Africa [4].

The pace of adoption has differed widely between regions,
and policy has been a major driver. In the United States, fed-
eral incentives for the “meaningful use” of EHRs were fol-
lowed by large gains in hospital EHR adoption [5, 6]. Many
low- and middle-income countries have had neither compara-
ble incentives nor the supporting infrastructure. In sub-Sa-
haran Africa, EHR adoption has lagged, and unreliable elec-
tricity and internet connectivity, high costs, limited technical
skills and weak governance are repeatedly named as barriers
[7-9]. A systematic review of physicians’ perspectives in de-
veloping economies found that computer literacy, education
and user-friendly systems facilitated adoption, whereas lack
of training, limited information technology (IT) experience,
cost, time pressure and age-related resistance obstructed it
[10]. Earlier syntheses grouped the barriers into financial,
technical, time, psychological, social, legal, organisational
and change-process categories [11, 12].

Nigeria illustrates both the promise and the difficulty. Dig-
ital health activity has grown, yet national assessments de-
scribe a sector held back by workforce gaps, weak infrastruc-
ture and fragmented governance [13]. Studies in individual in-
stitutions show the same pattern. At a teaching hospital in
Ondo State, financial constraints, insufficient information and
communication technology (ICT) resources and unstable
power supply were the main barriers, and only 1.3% of re-
spondents reported significant EHR use [14]. A survey of
1,177 health workers in four states found that perceived use-
fulness was the strongest predictor of electronic medical rec-
ord adoption, and that perceived data risk reduced it [15]. In
Jos, about 71.5% of 228 frontline health workers had good
knowledge of electronic medical records [16]. Together, these
studies suggest that readiness exists among health workers but
that implementation is uneven and constrained by the environ-
ment.

Within hospitals, two professional groups sit at the centre
of EHR use. Health information management (HIM) officers
capture, code, store and retrieve patient information and are
the main day-to-day users of records systems. ICT personnel
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deploy, configure and maintain those systems. Their assess-
ment of how far EHRs have been adopted is therefore of direct
operational importance. In Nigeria, however, the HIM work-
force has faced gaps in information technology competence.
A nationwide survey found that although 98.8% of HIM pro-
fessionals valued information technology, only 8.1% worked
in computerised environments, and later reviews pointed to
training shortfalls, a shortage of qualified practitioners and the
deployment of unqualified staff in records roles [17-20].

Factors that influence EHR adoption operate at the level of
the individual, the organisation and the wider system. Tech-
nology acceptance research identifies perceived usefulness
and ease of use as central to individual acceptance, and the
information systems success model adds system quality, infor-
mation quality and service quality [21-24]. In health care, or-
ganisational factors such as training, IT support and manage-
ment commitment feature prominently. In Kenya, training,
ease of use and IT support facilitated electronic medical record
use, while power blackouts, too few computers and delayed
IT support obstructed it [25]. In Tanzania, organisational read-
iness, including training and workflow integration, was the
strongest determinant of consistent EHR use, and in Ghana,
training raised the odds of satisfaction with an EHR about
five-fold [26, 27]. Individual characteristics also matter. In
Ethiopia, electronic medical record use was associated with
fewer years of experience, a positive attitude, the availability
of'a manual and discussion of the system in meetings, whereas
in Lesotho computer skills and educational qualification influ-
enced perceived ease of use [28, 29]. Diffusion, readiness-for-
change and sustainability frameworks add that technology
alone is seldom sufficient [30-32].

A further reason to examine EHR adoption now is the tran-
sition to the International Classification of Diseases, 11th Re-
vision (ICD-11). The World Health Assembly adopted ICD-11
in 2019, and it came into effect on 1 January 2022 [33]. ICD-
11 was designed for use in electronic environments and con-
tains substantially more precoordinated codes than the 10th
revision (ICD-10) [34, 35]. Using it in routine practice there-
fore depends on an EHR whose code set, search function and
data-exchange standards have been configured for it. For this
reason, we measured not only general availability and func-
tionality but also ICD-11 compatibility as a distinct dimension
of EHR adoption.

Despite this, we found little evidence on EHR adoption
from the perspective of HIM and ICT staff in Nigerian tertiary
hospitals. Most Nigerian studies have surveyed clinicians or
been confined to a single institution [14-16], and we did not
find a Nigerian study that treated ICD-11 compatibility as part
of EHR adoption. The North-East geopolitical zone is partic-
ularly under-studied. It comprises Adamawa, Bauchi, Borno,
Gombe, Taraba and Yobe States and has been affected by in-
surgency for more than a decade. A World Health Organiza-
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tion assessment in Borno State found that of 743 health facil-
ities, 35% were completely destroyed and 29% partially dam-
aged [36]. Routine health data from the zone are also of vari-
able quality; in Gombe State, for example, data on maternal
and newborn indicators in the national District Health Infor-
mation Software 2 (DHIS2) platform were incomplete at least
40% of the time [37].

The tertiary teaching hospitals in Yola, Bauchi and Maidu-
guri are the main referral institutions in the zone, and their ex-
perience of digitisation is a useful indicator of what is achiev-
able in a fragile setting. This study therefore assessed the level
of EHR adoption among HIM officers and ICT personnel in
three tertiary hospitals in North-East Nigeria, compared the
two professional groups, and identified the socio-demo-

graphic and institutional factors associated with high adoption.

The findings are intended to inform hospital managers, State
Ministries of Health and national digital health planners on
where investment is most needed.

2. Materials and Methods

2.1. Study Area

The study was conducted in Adamawa, Bauchi and Borno
States, in the North-East geopolitical zone of Nigeria. One
federal tertiary teaching hospital in each state took part.
Modibbo Adama University Teaching Hospital (MAUTH),
Yola, was formerly the Federal Medical Centre, Yola, and was
upgraded to a university teaching hospital in 2022 [38, 39].
Abubakar Tafawa Balewa University Teaching Hospital (AT-
BUTH), Bauchi, began as a leprosarium in 1918, became a
federal teaching hospital after the 2010 federal takeover, has
more than 700 beds, and receives referrals from Bauchi and
from Plateau, Gombe, Taraba, Yobe, Jigawa, Borno, Kano and
Adamawa States [40]. University of Maiduguri Teaching Hos-
pital (UMTH), Maiduguri, was commissioned in 1983, has
about 1,577 beds, and reports serving the six North-East states
and parts of neighbouring countries [41]. Adamawa and Borno
States have been affected by armed conflict, and the Borno
health system in particular is recovering from large-scale de-
struction of facilities [36].

2.2. Study Design, Population, and Data Source

A descriptive and analytical cross-sectional survey design
was used. The report follows the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE) recom-
mendations for cross-sectional studies [42]. The study popu-
lation comprised 753 HIM professionals and ICT staff work-
ing in the three hospitals: 163 at MAUTH (124 HIM, 39 ICT),
279 at ATBUTH (226 HIM, 53 ICT) and 311 at UMTH (243
HIM, 68 ICT), a total of 593 HIM and 160 ICT staff. These
groups were chosen because they are directly responsible for
patient data management, diagnostic coding and EHR support.
The data source was primary data collected for this study.
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2.3. Eligibility Criteria

Eligible participants were permanently employed HIM of-
ficers or ICT staff directly involved in patient data manage-
ment, disease coding or EHR support, who had at least one
year of continuous service in their current facility, had work-
ing knowledge of health information systems, and gave writ-
ten informed consent. Senior administrators, policymakers
and auditors, students, interns and temporary trainees, staff
working across several facilities or on external postings, staff
on prolonged leave, staff directly responsible for evaluating or
enforcing ICD-11 or EHR policies, and individuals who de-
clined or withdrew consent were excluded.

2.4. Sample Size Determination

The sample size was calculated with Cochran’s finite-pop-
ulation formula [43, 44]:

n=272*p(1 —p)N/[e*(N — 1)+ Z?p(1 — p)]

where N = 753 (study population), Z = 1.96 (95% confidence
level), p = 0.5 (maximum variability) and e = 0.03 (margin of
error). The numerator is 1.962 x 0.25 x 753 = 723.18 and the
denominator is 0.032 x 752 + 0.9604 = 1.6372, giving n =
441.7, rounded to 442. After adding 10% for non-response
(442 x 1.10), the target sample was 486.

2.5. Sampling Technique

A multi-stage approach was used. First, three of the six
states in the zone (Adamawa, Bauchi and Borno) were in-
cluded, and one tertiary hospital was purposively selected in
each, on the basis of an existing EHR system and engagement
with ICD-related processes. Second, the 486 questionnaires
were allocated to hospitals in proportion to the number of staff
in each (n = 486 X hospital staff / 753), giving 107 for
MAUTH, 180 for ATBUTH and 199 for UMTH. Third, within
each hospital the allocation was divided between HIM and
ICT staff in proportion to their numbers (MAUTH 81 HIM
and 26 ICT; ATBUTH 146 and 34; UMTH 156 and 43; total
383 HIM and 103 ICT). Finally, simple random sampling was
used to select individual respondents from the eligible staff in
each stratum.

2.6. Dependent and Independent Variables

The outcome variable was the level of EHR adoption (high
or low). The independent variables were age (in years), gender,
highest educational qualification (secondary or higher), self-
reported socio-economic status (low, middle or high), years of
professional experience (1-5, 6-10, 11-15 or 16 or more), hos-
pital MAUTH, ATBUTH or UMTH) and professional group
(HIM or ICT).
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2.7. Data Collection Instrument and Procedure

Data were collected with a structured, self-administered
questionnaire, with one version for HIM officers and one
for ICT personnel. Section A recorded socio-demographic
characteristics. Section B measured EHR adoption with 15
statements in five domains of three statements each: avail-
ability of EHR systems, functional maturity of the EHR
system, ICD-11 compatibility of the EHR system, interop-
erability, and user proficiency. The ICT version was
worded from a technical perspective (for example, “ICD-
11 code libraries are integrated into the EHR system”), so
the two versions are parallel but not identical. Each state-
ment was rated on a five-point scale from 1 (strongly disa-
gree) to 5 (strongly agree). Item scores were summed
(range 15-75), expressed as a percentage of the maximum,
and classified as high adoption when above 70% and low
adoption when below 70%. Domain and overall mean
scores were interpreted using five equal-width bands (1.00-
1.80, 1.81-2.60, 2.61-3.40, 3.41-4.20 and 4.21-5.00), the
band 3.41-4.20 being interpreted as high. The researcher
administered the questionnaires in person at each, with re-
peated follow-up visits to improve return.

2.8. Validity and Reliability of Instrument

Items were developed from the literature on EHR adop-
tion and ICD-11 implementation and reviewed by academic
supervisors for face and content validity. The questionnaire
was pilot-tested in a comparable tertiary hospital outside
the study sample, and the pilot data were used to assess
clarity and internal consistency. Cronbach’s alpha was cal-
culated for each section, with a value of 0.70 or higher
taken as acceptable [45].

2.9. Data Analysis

Data were coded and analysed with SPSS version 27. Fre-
quencies, percentages, means and standard deviations (SD)
described the respondents and the adoption scores, and exact
95% confidence intervals (CI; Wilson method) were calcu-
lated for proportions. Associations between respondent char-
acteristics and adoption level were tested with the chi-square
test, or Fisher’s exact test where expected counts were below

five [46]. Binary logistic regression was used to identify fac-
tors associated with high adoption. Crude odds ratios (OR) for
categorical variables were calculated against the first category
as reference, and the adjusted model included all the charac-
teristics listed in Section 2.6 simultaneously. The less frequent
outcome (low adoption, n = 119) gave 10.8 events per model
parameter, above the minimum of 10 usually recommended
[47]. Results are reported as adjusted odds ratios (AOR) with
95% confidence intervals, and p < 0.05 (two-sided) was con-
sidered statistically significant.

2.10. Ethical Approval

Ethical approval was obtained from the Research Ethics
Committee of Rivers State University
(RSU/FBMS/REC/25/429) and from the ethics boards of the
participating  hospitals (MAUTHY/HREC/26/433, AT-
BUTH/REC/26/019, and UMTH/REC/26/021). Eligible staff
received an information sheet describing the purpose, proce-
dures, risks and benefits of the study and gave written in-
formed consent. Participation was voluntary, withdrawal was
allowed at any stage without penalty, and responses were
anonymised and stored in password-protected files accessible
only to the research team.

3. Results

3.1. Response Rate and Characteristics of
Respondents

Of 486 questionnaires distributed, 475 were correctly com-
pleted and returned, an overall response rate of 97.7%. This
comprised 373 of 383 questionnaires for HIM officers (97.4%)
and 102 of 103 for ICT personnel (99.0%). Respondents were
52.2% female, and the mean age was 35.9 years (SD 8.2).
Nearly half (44.0%) were aged 31-40 years, 96.0% held a di-
ploma or higher qualification, and 79.4% described them-
selves as middle socio-economic status. HIM officers were
older (mean 36.9 versus 32.3 years) and more experienced,
with 27.6% having served for 16 or more years compared with
4.9% of ICT personnel. By hospital, 22.3% of respondents
were from MAUTH, 35.8% from ATBUTH and 41.9% from
UMTH (Table 1).

Table 1. Socio-demographic characteristics of respondents.

HIM officers

Characteristic (n=373)
Gender

Male 193 (51.7)
Female 180 (48.3)

89

ICT personnel Total

(n=102) (N =475)
34 (33.3) 227 (47.8)
68 (66.7) 248 (52.2)
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Characteristic gli’[;;gi;mers
Age (years)

<30 97 (26.0)
31-40 177 (47.5)
41-50 78 (20.9)
>51 21 (5.6)
Mean + SD 36.88 £8.01
Highest educational qualification

Secondary 18 (4.8)
Higher (diploma/BSc/MSc/PhD) 355(95.2)
Socio-economic status

Low 32 (8.6)
Middle 293 (78.6)
High 48 (12.9)
Years of experience

1-5 68 (18.2)
6-10 76 (20.4)
11-15 126 (33.8)
>16 103 (27.6)
Hospital

MAUTH, Yola 80 (21.4)
ATBUTH, Bauchi 139 (37.3)
UMTH, Maiduguri 154 (41.3)

ICT personnel Total
(n=102) (N = 475)
60 (58.8) 157 (33.1)
32 (31.4) 209 (44.0)
6 (5.9) 84 (17.7)
4(3.9) 25 (5.3)
32.28 +7.65 35.89 +8.15
1(1.0) 19 (4.0)
101 (99.0) 456 (96.0)
5(4.9) 37 (7.8)
84 (82.4) 377 (79.4)
13 (12.7) 61 (12.8)
46 (45.1) 114 (24.0)
22 (21.6) 98 (20.6)
29 (28.4) 155 (32.6)
5(4.9) 108 (22.7)
26 (25.5) 106 (22.3)
31 (30.4) 170 (35.8)
45 (44.1) 199 (41.9)

Values are n (%) unless stated. HIM, health information management; ICT, information and communication technology; MAUTH, Modibbo
Adama University Teaching Hospital; ATBUTH, Abubakar Tafawa Balewa University Teaching Hospital; UMTH, University of Maiduguri

Teaching Hospital.

3.2. Level of EHR Adoption

Table 2 shows the mean scores for the five adoption do-
mains. Overall, HIM officers scored 3.76 (SD 0.87) and ICT
personnel 3.82 (SD 0.69), and the combined mean was 3.77
(SD 0.84), all within the “high” band (3.41-4.20). Functional
maturity of the EHR system had the highest mean in both
groups (HIM 3.84; ICT 3.93). ICD-11 compatibility had the
lowest domain mean in both groups (HIM 3.68; ICT 3.70),
and interoperability and availability scored only slightly
higher among HIM officers (3.77 and 3.73). Among HIM of-
ficers, the highest-rated statement was confidence in using the
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EHR system for health records management (mean 3.94, SD
1.24), and the lowest-rated statements were the ability of the
EHR system to exchange patient information with other hos-
pital systems (3.54, SD 1.36) and its support for ICD-11 cod-
ing standards (3.55, SD 1.25). For the former, 62.2% agreed
or strongly agreed and 24.4% disagreed or strongly disagreed;
for the latter, 63.2% agreed or strongly agreed and 22.0% dis-
agreed or strongly disagreed. Among ICT personnel, the high-
est-rated statement was reliable system access for routine op-
erations (3.98, SD 0.95) and the lowest was the integration of
ICD-11 code libraries into the EHR system (3.59, SD 1.01);
here 52.0% agreed or strongly agreed, 41.2% were neutral and
6.9% disagreed or strongly disagreed (Figure 1).


http://www.sciencepg.com/journal/bsi

Biomedical Statistics and Informatics

http://www.sciencepg.com/journal/bsi

Table 2. Mean scores of EHR adoption domains and classification of adoption level.

Domain

Availability of EHR systems

Functional maturity of the EHR system
ICD-11 compatibility of the EHR system
Interoperability

User proficiency with the EHR system
Overall mean score

High (above 70%)

Low (below 70%)

HIM officers
Mean (SD)

3.73 (1.02)
3.84 (0.99)
3.68 (1.07)
3.77 (1.04)
3.78 (0.96)
3.76 (0.87)
276 (74.0)
97 (26.0)

ICT personnel
Mean (SD)

3.92 (0.82)
3.93 (0.71)
3.70 (0.73)
3.82 (0.82)
3.75 (0.86)
3.82 (0.69)
80 (78.4)

22 (21.6)

Combined overall mean score for all respondents (N = 475): 3.77 (SD 0.84); high adoption 356 (74.9%), low adoption 119 (25.1%). Scores
were rated 1 (strongly disagree) to 5 (strongly agree). Mean scores of 3.41-4.20 are interpreted as high.

Mean score (1-5)

3.92

70% of maximum (mean 3.5)
I HIM officers (n = 373)
[ ICT personnel (n = 102)

Availability  Functional

ICD-11 Interoperability

maturity compatibility

User
proficiency

Figure 1. Mean scores of EHR adoption domains by professional group (scale 1-5).

Using the 70% cut-off, 356 of 475 respondents (74.9%; 95%
CI170.9-78.6) were classified as high adopters and 119 (25.1%)
as low adopters. The proportion was 74.0% among HIM of-
ficers and 78.4% among ICT personnel, and the difference
was not statistically significant (y* = 0.84, p = 0.359).

3.3. Factors Associated with EHR Adoption

In bivariate analysis (Table 3), the proportion with high

respondents at MAUTH,

adoption differed significantly by socio-economic status (y~ =
15.47, p < 0.001) and hospital (x> = 19.67, p < 0.001). High
adoption was reported by 78.5% of middle-status respondents
compared with 51.4% of those of low status and 67.2% of
those of high status. By hospital, it was reported by 90.6% of

67.1% at ATBUTH and 73.4% at

UMTH (Figure 2). Gender, age group, educational qualifica-

tion, years of experience and professional group were not sig-

nificantly associated with
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adoption.
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Table 3. Association between respondent characteristics and level of EHR adoption.

Characteristic n f;%};) :;(zvo;)) i p-value
Gender 2.12 0.145
Male 227 177 (78.0) 50 (22.0)

Female 248 179 (72.2) 69 (27.8)

Age (years) 5.91 0.116
<30 157 118 (75.2) 39 (24.8)

31-40 209 165 (78.9) 44 (21.1)

41-50 84 55 (65.5) 29 (34.5)

>51 25 18 (72.0) 7 (28.0)

Educational qualification 0.428%
Secondary 19 16 (84.2) 3 (15.8)

Higher 456 340 (74.6) 116 (25.4)

Socio-economic status 15.47 <0.001
Low 37 19 (51.4) 18 (48.6)

Middle 377 296 (78.5) 81 (21.5)

High 61 41 (67.2) 20 (32.8)

Years of experience 5.65 0.130
1-5 114 78 (68.4) 36 (31.6)

6-10 98 70 (71.4) 28 (28.6)

11-15 155 123 (79.4) 32 (20.6)

>16 108 85 (78.7) 23 (21.3)

Facility 19.67 <0.001
MAUTH, Yola 106 96 (90.6) 10 (9.4)

ATBUTH, Bauchi 170 114 (67.1) 56 (32.9)

UMTH, Maiduguri 199 146 (73.4) 53 (26.6)

Professional group 0.84 0.359
HIM officers 373 276 (74.0) 97 (26.0)

ICT personnel 102 80 (78.4) 22 (21.6)

Total 475 356 (74.9) 119 (25.1)

2, chi-square statistic; TFisher’s exact test (expected count below 5), so no y? is shown. All tests have df = 1 except age (3),
socio-economic status (2), years of experience (3) and hospital (2).
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Figure 2. Proportion of respondents with high EHR adoption by hospital (bars show 95% confidence intervals).

Table 4 presents the logistic regression. After adjustment,
six characteristics were independently associated with high
adoption. Compared with MAUTH, respondents at ATBUTH
(AOR 0.18; 95% CI 0.08-0.38) and UMTH (AOR 0.23; 95%
CI 0.11-0.48) had lower odds of high adoption. Respondents
of middle socio-economic status had higher odds than those
of low status (AOR 3.19; 95% CI 1.49-6.81), whereas those
of high status did not differ significantly (AOR 1.52; 95% CI
0.60-3.81). Compared with respondents with 1-5 years of ex-
perience, those with 11-15 years (AOR 2.94; 95% CI 1.50-

5.76) and 16 or more years (AOR 3.01; 95% CI 1.37-6.62) had
higher odds, while those with 6-10 years did not differ signif-
icantly (AOR 1.20; 95% CI 0.62-2.31). Each additional year
of age was associated with 4% lower odds of high adoption
(AOR 0.96; 95% CI 0.93-0.99). Gender, educational qualifi-
cation and professional group were not significant. Several
crude associations changed after adjustment: for example, the
crude odds ratio for experience of 16 or more years was 1.71
(95% CI1 0.93-3.13), and age was not associated with adoption
in the unadjusted analysis (crude OR 0.99; 95% CI1 0.96-1.01).

Table 4. Binary logistic regression of factors associated with high EHR adoption (N = 475).

Characteristic Crude OR (95% CI)

Age (per year) 0.99 (0.96-1.01)
Gender (ref: Male)
Female 0.73 (0.48-1.11)
Educational qualification (ref: Secondary)
Higher 0.55(0.16-1.92)
Socio-economic status (ref: Low)
Middle 3.46 (1.74-6.90)
High 1.94 (0.84-4.49)
Years of experience (ref: 1-5)

6-10 1.15 (0.64-2.08)
11-15 1.77 (1.02-3.09)
>16 1.71 (0.93-3.13)
Facility (ref: MAUTH, Yola)
ATBUTH, Bauchi 0.21 (0.10-0.44)
UMTH, Maiduguri 0.29 (0.14-0.59)

Professional group (ref: HIM officers)

p-value Adjusted OR (95% CI) p-value
0.281 0.96 (0.93-0.99) 0.020
0.146 0.68 (0.43-1.08) 0.100
0.348 0.43 (0.11-1.63) 0.216
<0.001 3.19 (1.49-6.81) 0.003
0.120 1.52 (0.60-3.81) 0.376
0.634 1.20 (0.62-2.31) 0.587
0.043 2.94 (1.50-5.76) 0.002
0.085 3.01 (1.37-6.62) 0.006
<0.001 0.18 (0.08-0.38) <0.001
<0.001 0.23 (0.11-0.48) <0.001
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Characteristic Crude OR (95% CI)

ICT personnel 1.28 (0.76-2.16)

OR, odds ratio; CI, confidence interval; ref, reference cate-
gory. Outcome: high EHR adoption (1) versus low (0). Ad-
justed odds ratios are from the model containing all character-
istics. Crude odds ratios for categorical variables were recal-
culated against the reference category from the cell counts in
Table 3; the crude odds ratio for age is from the univariable
model.

4. Discussion

This study set out to measure how far EHRs have been
adopted among the staff who use and maintain them in three
tertiary hospitals in North-East Nigeria, and to identify the
characteristics associated with adoption. Three findings stand
out. First, three in four respondents (74.9%) reported high
adoption, and HIM officers and ICT personnel did not differ.
Second, readiness for ICD-11 was the weakest dimension of
adoption in both groups, while functional maturity was the
strongest. Third, the hospital in which a respondent worked
was the strongest correlate of adoption, ahead of professional
group, gender or education.

The level of adoption we found is higher than most pub-
lished Nigerian and African estimates. At a teaching hospital
in Ondo State, only 1.3% of respondents reported significant
EHR use, and in Dire Dawa, Ethiopia, 26.6% of professionals
used an electronic medical record [14, 28]. In a nationwide
survey published in 2015, only 8.1% of Nigerian HIM profes-
sionals worked in computerised environments [17]. Closer to
our figure, 71.5% of health workers at Jos University Teaching
Hospital had good knowledge of electronic medical records
[16], although knowledge is not use. Several features of our
study probably contribute to the difference. The hospitals were
chosen because they already had EHR systems, our respond-
ents were the specialists who work with records every day, and
adoption was measured by perception and not by system audit.
Our estimate should therefore be read as the level among staff
in EHR-equipped tertiary hospitals, not as the level across the
North-East zone. It would also be wrong to assume that the
same pattern would be seen among clinicians, whose views
often differ from those of records staff [15, 28].

The domain scores show where the system is strong and
where it is not. Functional maturity, meaning the ability to
support documentation and clinical coding and to receive up-
dates, scored highest, and respondents were confident in their
own use of the system. Compatibility with I[CD-11 scored low-
est in both groups. Among HIM officers, the statements on
ICD-11 coding standards and on exchanging information with
other hospital systems had the lowest means, and among ICT
personnel, who would know best, 41.2% were neutral about
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p-value Adjusted OR (95% CI) p-value

0.360 1.48 (0.81-2.70) 0.207

whether ICD-11 code libraries had been integrated and only
52.0% agreed. This pattern is what one would expect when
systems were installed and configured around earlier classifi-
cations and have not yet been updated. ICD-11 was designed
for electronic use and has a much larger set of precoordinated
codes than ICD-10 [34, 35], so a system that supports ICD-10
will not support ICD-11 automatically. Experience from the
national pilot of ICD-11 morbidity coding in China, where
coders reached 82.9% accuracy after a short training, shows
that technical readiness and coder preparation can be ad-
dressed together [48]. Our finding that ICD-11 compatibility
lags behind general EHR maturity supports the view that a
high level of EHR adoption does not by itself signal readiness
for the new classification.

HIM officers and ICT personnel gave similar overall ratings,
and the proportion with high adoption did not differ signifi-
cantly between them. ICT personnel rated availability and
functional maturity somewhat higher (3.92 and 3.93 versus
3.73 and 3.84), a difference we did not test formally. A plausi-
ble reason is that the staff who deploy the systems see the in-
frastructure that exists, whereas HIM officers experience the
gaps in day-to-day use, for example when parts of the system
are unavailable in their unit. This is consistent with the obser-
vation that 17.9% of HIM officers disagreed that an EHR sys-
tem was available in their facility even though most agreed,
which suggests that coverage is uneven within hospitals. The
similarity of the two groups is encouraging because shared
perceptions are a prerequisite for the joint planning that im-
plementation requires [31].

The large difference between hospitals is the most im-
portant finding for planning. The proportion of high adopters
was 90.6% at MAUTH but 67.1% at ATBUTH and 73.4% at
UMTH, and after adjustment the odds at ATBUTH and
UMTH were less than a quarter of those at MAUTH. Our data
cannot say why. Organisational factors that the literature links
to EHR use, such as training, IT support, reliable power and
internet, management commitment and workflow integration,
were not measured separately for each hospital [9, 25, 26, 49,
50]. The hospitals also differ in age, size and history: MAUTH
was upgraded to a teaching hospital as recently as 2022, which
may have brought newer systems, while ATBUTH and UMTH
are larger and older institutions [39-41]. Readiness-for-change
and sustainability frameworks suggest that adoption depends
on shared commitment, resources and the complexity of what
is being introduced [31, 32], and the contrast between the hos-
pitals fits that view. With only three hospitals, however, hos-
pital effects cannot be separated from other unmeasured dif-
ferences, and we regard the finding as a pointer to where to
look, not as an explanation.
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Among individual characteristics, experience and age be-
haved differently. Respondents with 11 or more years of expe-
rience had about three times the odds of reporting high adop-
tion compared with those with 1-5 years, whereas each addi-
tional year of age was associated with slightly lower odds. Ex-
perience and age are strongly related, so the age coefficient
describes the effect of age among staff of equal experience,
and the two estimates should be read together. Taken together,
they suggest that longer service, perhaps because experienced
staff have seen the transition from paper and understand the
systems, is associated with a favourable view, and that older
staff of a given length of service are somewhat less positive.
The second part agrees with the age-related resistance re-
ported in a systematic review of electronic medical record
(EMR) adoption in developing economies [10]. The first part
differs from the Ethiopian study, in which fewer years of ex-
perience were associated with use [28], but that study sur-
veyed all professionals in public facilities and not records spe-
cialists. Educational qualification was not associated with
adoption, but 96.0% of our respondents had a higher qualifi-
cation, which leaves little room for variation, whereas in Le-
sotho education influenced perceived ease of use among a
broader group of health workers [29]. Professional group was
not associated with adoption, so the high level of adoption
cannot be attributed to one cadre.

Socio-economic status was associated with adoption in a
pattern that is not easy to interpret: respondents of middle sta-
tus were more likely to report high adoption than those of low
status, but those of high status were not. Status was self-re-
ported on a three-point scale, only 37 respondents described
themselves as low status, and the pattern may reflect measure-
ment error or a chance finding as much as a real gradient. We
found no comparable result in the literature and recommend
that this variable be interpreted cautiously.

These findings have implications for theory and practice.
They support the argument from technology acceptance and
information systems success models that user proficiency and
system quality are necessary for adoption [21, 22, 24], but they
also show that quality along general dimensions does not guar-
antee readiness for a specific new standard. For policy, the
United States experience shows that incentives tied to defined
functional requirements can raise adoption quickly [5, 6]. A
similar approach in Nigeria could tie EHR funding to measur-
able progress in ICD-11 configuration and interoperability, in
line with the World Health Organization (WHO) global strat-
egy on digital health [1]. At hospital level, the differences be-
tween facilities call for diagnostic assessments of power, con-
nectivity, training and IT support before investment, and the
lower scores of older staff call for training that takes account
of their needs [10].

The study has several strengths. The response rate was high
(97.7%), sampling was proportionate to the size of each hos-
pital and professional group, the instrument covered ICD-11
compatibility alongside general EHR functions, and the ad-
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justed analysis accounted for hospital, profession and individ-
ual characteristics. It also has limitations. First, the cross-sec-
tional design cannot show the direction of associations. Sec-
ond, adoption was measured by self-report, which is open to
social desirability and common-method bias [51], and no sys-
tem audit or direct observation was done. Third, the hospitals
were chosen because they had EHR systems, so the results
probably overstate adoption in the zone, and with only three
hospitals the findings may not apply to secondary or primary
facilities or to other zones. Fourth, the 70% threshold for high
adoption is conventional and we did not examine other thresh-
olds, although the mean scores in Table 2 are consistent with
the classification. Fifth, some categories were small (19 re-
spondents with secondary education and 37 of low socio-eco-
nomic status), which limits precision, as the wide confidence
intervals for those groups show. Finally, the insecurity in parts
of the zone may have affected responses in ways we could not
measure.

5. Conclusion and Recommendation

Three in four HIM officers and ICT staff in the three hospi-
tals reported a high level of EHR adoption, and both groups
gave similar answers. Adoption was strongest for how well the
systems work (functional maturity) and weakest for how well
they fit ICD-11. It also differed a lot between hospitals, and
the hospital in Yola scored highest. Staff with longer experi-
ence, staff of middle socio-economic status, and younger staff
of equal experience were more likely to report high adoption.
In short, EHRSs are well established in these hospitals, but they
are not yet ready for ICD-11.

We recommend the following. (i) Hospital managements,
working with their ICT units, should upgrade the current EHR
systems to include ICD-11 code lists, search tools and stand-
ard ways of sharing data. (ii) Hospitals with lower adoption,
especially ATBUTH and UMTH, should review their power
supply, internet connection, training and IT support, and make
a support plan for each hospital. (iii) Training should suit the
needs of older and less experienced staff. (iv) The Federal
Ministry of Health and State Ministries of Health should link
EHR funding to progress on ICD-11 readiness and data shar-
ing. (v) Future studies should follow staff over time, audit the
systems, use interviews, include more hospitals and smaller
facilities, and measure organisational factors directly.
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